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From forest caves, and azure skies
We crashed upon this earth
The years, they passed
And so did we
But resistance would be bought
from So Did We – Isis
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Thesis Abstract
This thesis is in the service of a greater understanding of the genetic basis of adaptive traits.
Chapter 1 introduces background literature relevant to this thesis. Chapters 2, 3, and 4 de-
velop novel methods and software for the analysis of genetic sequencing data. Chapter 5
details a large collaborative project to establish genetic resources in the model cereal Brachy-
podium, and perform a genome-wide association study for several agriculturally-relevant
traits under two climate change scenarios. Chapter 6 investigates the spatial genetic patterns
in two species of woodland eucalypt, and determines the landscape process that could be driv-
ing these patterns. Finally, Chapter 7 summarises these works, and proposes some areas of
further study.
In Chapters 2 and 3, I develop methods that enable the analysis of Genotyping-by-
sequencing data. Axe, a short read sequence demultiplexer, demultiplexes samples from
multiplexed GBS sequencing datasets. I show Axe has high accuracy, and outperforms
previously published software. Axe also tolerates complex indexing schemes such as the
variable-length combinatorial indexes used in GBS data. Trimit and libqcpp (Chapter 3)
implement several low-level sequence read quality assessment and control methods as a C++
library, and as a command line tool. Both these works have been published in peer-reviewed
journals, and are used by numerous groups internationally.
In Chapter 4, I develop kWIP, a de novo estimator of genetic distance. kWIP enables
rapid estimation of genetic distances directly from sequence reads. We first show kWIP out-
performs a competing method at low coverage using simulations that mimic a population
resequencing experiment. We propose and demonstrate several use cases for kWIP, including
population resequencing, initial assessment of sample identity, and estimating metagenomic
similarity. kWIP was published in PLoS Computational Biology.
In Chapter 5, I present the results of a large, collaborative project that surveys the global
genetic diversity of the model cereal Brachypodium. We amass a collection of over 2000 acces-
sions from the Brachypodium species complex. Using GBS and whole genome sequencing
we identify around 800 accessions of the diploid Brachypodium distachyon, within which we
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find extensive population structure and clonal families. Through population restructuring
we create a core collection of 74 accessions containing the majority of the genetic diversity in
the “A genome” sub-population. Using this core collection, we assay several phenotypes of
agricultural interest including early vigour, harvest index and energy use efficiency under two
climates, and dissect the genetic basis of these traits using a genome-wide association study
(GWAS). This work has been published in Genetics; I am co-first author with Pip Wilson
and Jared Streich, having lead many genomic analyses.
In Chapter 6, I perform a study of landscape genomic variation in two woodland eucalypt
species. Using whole genome sequencing of around 200 individuals from around 20 localities
of both E. albens and E. sideroxylon, I find incredible genetic diversity and low genome-wide
inter-species differentiation. I find no support for strong discrete population structure, but
strong support for isolation by (geographic) distance (IBD). Using generalised dissimilarity
modelling, I further examine the pattern of IBD, and establish additional isolation by envi-
ronment (IBE). E. albens showsmoderately strong IBD, explaining 26% of the deviance in the
genetic distance using geographic distance, and an additional 6% of the deviance is explained
by incorporating environmental predictors (IBE). E. sideroxylon shows much stronger IBD,
with 78% of the deviance explained by geography, and stronger IBE (12% additional deviance
explained). This work will soon be submitted for publication.
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Chapter 1
Thesis Introduction
This thesis concerns the genomics of adaptation to environment in plants. The works that
comprise this thesis address a wide range of questions in several systems, and establish novel
methods to do so. They range from the development of improved algorithms for vital early
stages of modern sequencing analysis pipelines, to a study of the landscape drivers of spatial
genetic patterns in Eucalyptus. They span multiple generations of improvement in genome
sequencing technology, highlighting the incredible pace of technological improvement this
field is experiencing. This thesis also demonstrates that the leading edge of genomics can only
be reached through the development of novel statistical and computational tools, and their
collaborative application to large datasets.
1.1 Adaptation genomics: the genomic biology of popula-
tions, landscapes, and quantitative traits
The phenotype of an individual is the expression of its genome in the environment it experi-
ences. Adaptation genomics centers on the triad of genotype, phenotype, and environment,
and interrogates the processes linking these concepts (Bragg et al., 2015; Radwan Jacek and
Babik Wiesaw, 2012; Stapley et al., 2010). Adaptation genomics asks a series of questions re-
lated through this triad: What potentially adaptive genetic diversity exists? What phenotypic
diversity is expressed? How is this diversity distributed and filtered across the landscape?
Which loci underpin variation in traits? Is there evidence for selection at these loci?
The fields of population, landscape, and quantitative genomics form the backbone of
this thesis. These fields study intra- and interspecific variation from a variety of angles, and
produce findings that can assist management of ecosystems, both natural and agricultural.
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For example, an understanding of the environmental drivers of genetic variation over the
landscape can help restore andmanage natural ecosystems (Broadhurst et al., 2008; Hoffmann
et al., 2015). In an agricultural context, dissecting the genetic basis of phenotypic traits enables
precise selection of advantageous genotypes to improve both yield and resilience (Ainsworth
and Ort, 2010; Fernie et al., 2006). The study of genetic diversity is essential to all these
questions.
1.1.1 Genetic diversity
A genetic polymorphism is defined here as a locus at which mutation has given rise to at
least two distinct allelic states that occur in multiple individuals. Over time the frequencies
of these states may change (i.e., evolution), through either random drift or selection. Multi
locus genetic diversity is a quantification of these polymorphisms among individuals within
and between populations. It is the substrate of evolution controlling heritable phenotypic
variation that is subject to natural selection underlying adaptation.
In most organisms, a proportion of genetic variation is spatially autocorrelated – that is,
genetic variation is not randomly distributed over the geographic range of a species (Sokal
and Oden, 1978a, 1978b). Genetic spatial autocorrelation arises through a variety of pro-
cesses, both neutral and adaptive (Diniz-Filho et al., 2009). Many of the processes governing
spatial autocorrelation of allele frequencies are not the result of any adaptive separation, for
example outbreeding over limited distances or expansion from an ancestral refugia (Sokal
and Oden, 1978b). Strong selection on specific traits may lead to reduced gene flow between
differing environments (isolation by environment), perhaps because of unfit migrants (Wang
and Bradburd, 2014).
1.1.2 Genetic isolation and differentiation
Genetic differentiation is due to neutral processes including drift, particularly in small pop-
ulations, non-random mating, and non-random migration. Isolated subpopulations with re-
duced gene flow relative to drift will fix mutations that differentiate them (Hahn, 2018).
Discrete population structure is the result of low gene flow between two (or more) subpop-
ulations, relative to gene flow within each subpopulation. There are innumerable potential
causes of reduction in gene flow, some geographic (e.g., separation by large swathes of in-
tolerable habitat), and others non-geographic (e.g., divergence in flowering time leading to
temporal isolation).
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In contrast to discrete population structure, Isolation by Distance (IBD; Wright, 1943) is
the observation that proximate individuals have higher relatedness than distant individuals;
IBD is a ubiquitous pattern (Meirmans, 2012). IBD may vary in strength over the landscape
and across the genome. In particular, the relationship between genetic and geographic dis-
tance need not be linear. While there are many specific causes of IBD, fundamentally it is
the result of the probability of gene flow between two individuals being some function of
their geographic separation (i.e., non-random mating). Technically, the pattern of IBD is
the integral through time of this non-random mating, and the extent of non-random mating
may vary through time. Additionally, certain demographic histories can result in a pattern
of IBD, for example postglacial expansion from a refugia (Holliday et al., 2010; Meirmans,
2012).
Isolation by Environment (IBE; Wang and Bradburd, 2014) extends the concept of Iso-
lation by Distance to environmental causes of non-random mating over the landscape. IBE
occurs when individuals in dissimilar environments exchange less genetic material than indi-
viduals in similar environments, controlling for reduced gene flow caused by geographic sep-
aration. IBE can have many causes, including selection, reduced fitness of inter-environment
migrants or hybrids, and biased dispersal. Importantly, although local adaptation at particu-
lar loci can ultimately lead to genome wide IBE, evidence of IBE is not evidence of selection:
a variety of neutral processes can generate similar patterns (e.g., postglacial recolonisation
a la IBD; Wang and Bradburd, 2014; Holliday et al., 2010). Typically, environmental dis-
tance is calculated from interpolated predictions (e.g. of climate; Xu and Hutchinson, 2013;
Fick andHijmans, 2017). Estimation of IBE assumes the underlying modelled environmental
variables are accurate throughout the life of the individual — a tenuous assumption for cer-
tain variables in the case of long-lived organisms. Discriminating between patterns that are
purely neutral, neutral but are side effects of selection (i.e. linked selection), and patterns that
are a direct result of selection is challenging, and typically requires orthogonal information
(Holliday et al., 2010; Meirmans, 2012; Wang and Bradburd, 2014). For instance, evidence
of reduced fitness of inter-environmental immigrants can confirm local adaptation (Wang
and Bradburd, 2014; e.g. in Keller et al., 2011), but do not get at the underlying genetic ba-
sis. Such experiments (e.g. provenance trials) are expensive and time consuming, especially
in trees. Therefore, I make no attempt to do so in this thesis, testing only for patterns of
correlation between geographic/environmental distance and genetic distance.
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1.1.3 Conservation: migration of ecotypes vs increasing adaptive poten-
tial
The global climate is changing, and entire ecosystems are being lost through a variety of
human activities (e.g. deforestation). One application of finding genetic isolation by envi-
ronment and geography is to assist conservation and revegetation efforts at a given locality
(Broadhurst et al., 2008; Supple et al., 2018). However, looking forward, local adaptation
to (past) environment does not necessarily indicate suitability to the future environment
at a given locality (Wogan and Wang, 2018). Even when models of IBD and IBE are used
to predict genomic suitability from predicted future climate data, humility regarding model
projections should guide recommendations. This is especially true given predictions suggest
that not only will environmental means shift with climate change, but variances will increase
(Thornton et al., 2014). This suggests that a broad understanding of the landscape processes
governing spatial patterns of genetic variation is more urgent than discovering locally-adapted
loci in each habitat, especially given limited resources (Kardos and Shafer, 2018). In any case,
a focus on preserving adaptive potential is key to any restoration and conservation works,
rather than attempts to discover “perfectly adapted germplasm” for revegetation (Broadhurst
et al., 2008; Hoffmann et al., 2015; Weeks et al., 2011).
1.2 Discovering genetic variation
Virtually all modern studies of genetics now use either short or long read high throughput
sequencing (Mardis, 2008; Metzker, 2010). Such methods generate truly staggering quantities
of data within which genetic variation must be discovered (Pfeifer, 2017). Many molecular
and computational methods exist to discover genetic variation, of which I will discuss those
pertinent to the work I present in this thesis. Additionally, I will discuss the fact that off-
the-shelf molecular and computational tools are often not suited to non-human experiments,
mandating the development of new tools as part of a particular biological project.
Given sequencingmachines do not provide full diploid genome sequences directly, genetic
variation is typically discovered as variation among samples relative to a reference genome (Li,
2011; Pfeifer et al., 2014). This process, termed variant calling, statistically integrates all data
across samples to determine if each position in the reference genome is variable, and subse-
quently to determine the most likely genotype at each locus for each individual. A variety
of computational and statistical approaches have been developed to perform this task, for
example mpileup (Li, 2011), freebayes (Garrison and Marth, 2012) and GATK’s Halplotype-
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Caller (DePristo et al., 2011; McKenna et al., 2010). These algorithms were largely designed
to work with relatively high coverage (e.g. 15 fold), and with a reference genome that is not
very diverged from samples of interest. Where these assumptions are not met, various errors
and/or biases may be introduced, both in genotype calls and subsequent inferences based
upon them (Brandt et al., 2015; Han et al., 2014; Nielsen et al., 2011). To combat these
issues, various methods that aim to preserve uncertainty inherent in less than saturating se-
quencing coverage. This uncertainty can be incorporated into typical population genetic
inference, e.g. ANGSD (Fumagalli et al., 2013; Korneliussen et al., 2014, 2013). These meth-
ods estimate the most likely values of the statistic of interest (e.g. calculation of population
genetic statistics, or inter-sample distances) given the sequence data, rather than given the
called genotypes. This difference allows these methods to improve the accuracy and reduce
the bias of their estimates, particularly on low-coverage data (Fumagalli, 2013; Korneliussen
et al., 2014, 2013).
Necessarily, discovering genetic variation involves integrating across many samples. How-
ever, even withmethods designed to operate on low coverage data, reliably assaying a sample’s
genotype requires a significant sequencing cost. Given limited budgets, this presents a trade-
off: more samples, with less data per sample, or fewer samples with more data? In nearly all
cases, more samples with a modest amount of data represents the best statistical power for
some fixed investment (Fumagalli, 2013; Kliebenstein, 2012; Li et al., 2011; Pasaniuc et al.,
2012).
1.2.1 Dimensions of Genomic Complexity
Genomic complexity was considered within a reference haploid genome, measured perhaps
by genome size, repeat content or ploidy. With population re-sequencing, there is another
axis to consider, that of genetic diversity across samples. In this dimension, genetic diversity
could be considered to be the total or average pairwise diversity among samples in a pop-
ulation. The units of this diversity axis would be metrics such as pi, population structure
and FST , or the extent of linkage disequilibrium (LD; Hahn, 2018). In studies that aim to
determine functional genetic variation, both dimensions of genome complexity need to be
considered as they determine the experimental design and cost. As both samples and poly-
morphisms show statistical dependence (i.e. structure and LD), missing data can be imputed
across related individuals and along the genome (Browning and Browning, 2007; Howie et
al., 2009; Marchini and Howie, 2010). This can sometimes dramatically reduce costs but can
also limit resolution and power (fig. 1.1).
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Figure 1.1: Dimensions of genomic complexity. In many genomic studies (partic-
ularly genome assembly), genome complexity describes the size and complexity of
a single haploid genome. In studies of evolutionary genetics, we must also consider
an orthogonal axis: genetic variability. The size and complexity of a single haploid
genome determines the cost of reliably assaying the whole genome sequence of one
individual, however imputation can leverage statistical dependence between loci to re-
duce the effective cost of sequencing a population. Thus, the total cost of genotyping a
population in a resequencing study is some combination of both genomic complexity
and genetic variation (specifically LD).
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Regardless of the specific amount of structure and LD in the sampled genomes, a reference
genome is either required or extremely useful (Pfeifer, 2017; although see e.g. Audano et al.,
2018). In particular, polymorphism-wise analyses like GWAS require a reference genome to
order markers, and to anchor them to genes. Ordered markers are also crucial for inference
of some population metrics, particularly those whose currency is haplotypes (e.g. selective
sweep detection; Hahn, 2018; Pavlidis et al., 2013; discovery of introgressed segments; Bragg
et al., 2015). Thankfully, modern long-read sequencing methods and long read-specific as-
semblers make assembly of at least draft genomes achievable on limited budgets of time and
money (e.g. Michael et al., 2018). I have also developed non-reference approaches to look
at sample relatedness (Chapter 4; Murray et al., 2017) which can then prioritize selection of
distantly related samples for reference genome assembly.
1.2.2 Specifics of sequencing methods
Until relatively recently, it remained too expensive for most researchers to sequence whole
genomes with sufficient sample size for quantitative study of genetic variation. Reduced rep-
resentation sequencing methods aimed to reduce sequencing costs by assaying only a fraction
of the genome. A large range of such methods exists, employing various molecular methods
to subset the genome (Baird et al., 2008; Blumenstiel et al., 2010; Elshire et al., 2011; Faircloth
et al., 2015; Morris et al., 2011; Peterson et al., 2012; Smith et al., 2014). One such method
employed in this thesis is Genotyping by Sequencing (GBS; Elshire et al., 2011). GBS uses
restriction enzymes to fragment each sample’s genome, and sequencing libraries are created
only for genome regions near these restriction sites. Then, many hundreds of samples may be
multiplexed and sequenced on one sequencing run, drastically reducing the sequencing cost
per sample (Elshire et al., 2011). While such data is of acceptable quality and quantity for
most genome-average analyses (e.g. genetic distance, detecting population structure), it often
assays an insufficient fraction of the genome to be used in many genome-wide polymorphism-
wise analyses (unless LD is very extensive). Additionally, GBS data is often plagued with a
large proportion of missing data, a lack of reproducibility, strong batch effects, and strong
allelic bias (Bilton et al., 2018; Lowry et al., 2017).
In contrast to GBS, whole-genome shotgun sequencing provides data on (nearly) all DNA
present in each sample. In such methods, sequencing libraries are created from short frag-
ments of DNA from approximately random genome positions (including organellar and
other genomes present in a sample; Bentley et al., 2008). As a consequence, these meth-
ods require significantly more sequencing per sample than reduced representation data, but
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generally produce datasets of higher quality, and assay (nearly) all polymorphisms present
in some population (Fuentes-Pardo and Ruzzante, 2017; Lowry et al., 2017). With the ad-
vent of cheaper sequencing and development of cost-efficient library preparation ( Jones et al.,
2018), WGS became economic at increasing scales, to the point where WGS costs are now
approximately equal the cost of GBS at the beginning of my PhD.
1.2.3 Computational method development
The development of robust and efficient computational methods often lags behind the devel-
opment of ever more efficient molecular methods. Therefore, to use cutting edge molecular
methods, one must often develop computational tools specific to some dataset or protocol.
This is especially true in adaptation genomics, where the experimental designs (such as those
discussed below) diverge significantly from those that many “off-the-shelf” analysis methods
expect. The methods required range from smaller utilities to efficiently solve problems with
known solutions, to large programs implementing entirely new metrics or algorithms.
While there are only a few high-level steps in any analysis (e.g. alignment to reference,
variant calling), each high-level task is often performed by several smaller tools. In many
cases, these tools are application- or datatype-specific. The use of custom, cost-conscious
molecular protocols in the chapters of this thesis required the development of certain tools.
One example is the requirement for improved demultiplexing software for GBS data. In-
creasing sequencing capacity lead to increasing amounts of sample pooling, in the case of
GBS using combinatorial, paired end, indexing. However, at the time, no methods were able
to de-multiplex this data accurately and efficiently. This required the development of tools to
perform this crucial early stage of GBS data analysis (Chapters 2 and 3).
As outlined above, discovering genetic variation is computationally intensive, and typ-
ically requires a reference genome. However, at least in the early stages of analysis, one is
simply interested in the genetic similarity of samples. Therefore, efficient methods to rapidly
estimate of genetic similarity directly from sequencing data are required. Such methods have
the potential to estimate genetic distances without reference genome bias, and to verify that
individuals belong to the correct genetic lineage before conclusions are drawn using misla-
belled, or misidentified samples. Importantly, such methods would be sequencing-method
agnostic, unlike reference-free methods designed to work only with reduced representation
methods.
Alignment-free sequence comparison algorithms satisfy many of these requirements.
Alignment-free methods generally operate by decomposing sequences (or sequence data)
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Figure 1.2: Overview of GBS andWGS sequencing methods and data. A) GBS se-
quencing protocol: briefly, genomic DNA is digested with restriction enzymes, adap-
tors are ligated, and PCR used to size-select and amplify libraries. B) WGS sequencing
protocol: briefly, adaptors are directly transposed into genomic DNA at random posi-
tions, amplified with PCR, and size-selected using electrophoresis. C) GBS and WGS
data aligned to a reference genome. GBS data aligns to quantised positions, and has
higher coverage at covered positions. WGS data aligns approximately uniformly across
the genome, and has lower coverage for a given sequencing volume.
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into kmers, i.e. substrings of length k (e.g. Song et al., 2014; Forêt et al., 2009; Sims et al.,
2009; Tang et al., 2014). Recently, several algorithms enabling de novo sequence compar-
ison have been published, generally attempting to reconstruct phylogenetic relationships
from sequencing reads. Spaced (Leimeister et al., 2014; Morgenstern et al., 2015) uses
the Jensen-Shannon distance on spaced kmers for accurate phylogenetic reconstruction.
Cnidaria (Aflitos et al., 2015) and AAF (Fan et al., 2015) use the Jaccard distance to estimate
phylogenetic distances. Mash (Ondov et al., 2016) uses a MinHash approximation of Jaccard
distance to the same effect but with extreme computational efficiency. My contribution,
kWIP (Chapter 4) uses a weighted inner product to determine distance and is well suited for
within species differentiation.
1.3 Experimental designs to uncover drivers of spatial ge-
netic diversity
Landscape genomic studies typically form two phases, an exploratory descriptive phase fol-
lowed by one or more targeted, hypothesis-driven experiments guided by patterns uncov-
ered in the first phase (Bragg et al., 2015). In each phase, many samples are obtained, across
the relevant geographic and environmental range (i.e. initially the whole range of the study
species, then across specific environmental gradients relating to hypotheses under consider-
ation; Bragg et al., 2015; Wang and Bradburd, 2014). One then employs population-wide
sequencing to find genetic variation, either using reduced-representation or whole-genome
methods.
Once genetic variation has been ascertained, the descriptive phase seeks to establish
genome-wide background patterns of gene flow and isolation across the landscape. There
are many approaches to this task. Several methods model genetic distance (or similarity,
e.g. allelic covariance) as a function of geographic and/or environmental distances. Tradi-
tionally, methods like mantel and partial mantel tests, and multiple regression on matrices
were employed (Legendre and Legendre, 2012; Lichstein, 2007; Mantel, 1967; Smouse et
al., 1986), however in some scenarios these have undesirable statistical properties, including
a high false positive rate (Guillot and Rousset, 2013). More modern methods address
some of these concerns, including generalised dissimilarity modelling (GDM; Ferrier et
al., 2002, 2007), and BEDASSLE (Bradburd et al., 2013). All these methods establish the
extent to which genetic distances (and therefore underlying allele frequencies) are spatially
and environmentally autocorrelated as a result of non-random gene flow. Importantly,
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these models of genome-wide average distance are overwhelmingly influenced by neutral
segregating mutations, and are not in themselves evidence of any adaptive process, though
selection may influence gene flow, and generate this pattern (Wang and Bradburd, 2014).
The subsequent hypothesis driven analyses could take many forms. Onemay wish to find
individual loci associated with specific environmental characters, amounting to correlation
of allele frequency with some environmental gradient. Therefore, specific tests are required,
for example BayEnv (Günther and Coop, 2013) or latent-factor mixed models (Stucki et al.,
2017). Such polymorphism-wise analyses are best performed usingwhole-genome sequencing
data, to ensure all genetic variation is tested.
Complementary experiments examine environmentally adaptive trait variation, likely fil-
tered by the environment, to dissect the genetic basis of these traits using GWAS. This would
involve growth of individuals from across some environmental gradient in common condi-
tions, and phenotyping of traits relevant to environmental gradients of interest (e.g. water
use efficiency along an aridity gradient). Differences in fitness could also be directly tested,
perhaps using reciprocal transplants along some environmental gradient to test for local adap-
tation. In all these experiments, one must correct not only for any population structure (a
la GWAS), but also for the genome-wide background isolation by distance and environment
that would cause neutral loci to correlate with environmental gradients or trait variation. For
this reason, the power of such analyses is inversely proportional to the strength of genome-
wide IBE and IBD and population structure. Chapter 6 presents a descriptive analysis of the
patterns of IBD and IBE, and does not perform any of these more targeted, hypothesis-driven
experiments.
1.4 Experimental designs for uncovering genetic basis of
quantitative traits
Traits are heritable characters of an individual, and quantitative traits are the subset of traits
whose values form an approximately normal distribution when quantified in some popula-
tion (Lynch and Walsh, 1998). Uncovering the genetic basis of such traits involves statistical
association of trait values with genetic variation across the genome. The strength of this
statistical association is assessed at each polymorphic locus. Loci where genetic variation
and trait variation appear correlated are considered a quantitative trait locus (QTL). This
association is purely statistical without further investigation of QTL, perhaps in the form of
functional study of genes contained within the QTL of interest. In particular, in most studies
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the polymorphisms underlying QTL are predominantly not causal, rather their allelic state is
correlated with that of causal mutations (linkage disequilibrium; LD), and causal mutations
themselves may not even be assayed. These studies can be conducted in natural populations
(i.e. genome-wide association studies; GWAS) or within artificially-created mapping popula-
tions, e.g. recombinant inbred lines or nested association mapping populations (often termed
QTL mapping).
In species with low outbreeding rates, finding sufficient genetic variation is the hard part
of GWAS. To do so, one typically sequences many thousand individuals, and reduces this
to a core set that maximises genetic diversity while minimising population structure and
other confounding factors; an approach termed “population restructuring” (Brachi et al.,
2011). At least for this initial restructuring, whole-genome data is not required and studies
typically use a cost-effective reduced representation sequencing approach (Brachi et al., 2011;
Elshire et al., 2011). However, merely choosing a subset of samples is not always sufficient to
create a powerful population. One can obtain more diverse and less structured populations
either through targeted re-sampling of diverse regions, or the creation of artificial mapping
populations that release genetic diversity from background structure (Brachi et al., 2011).
Once a diverse population has been obtained, it can then be sequenced using whole genome
sequencing, providing polymorphism data required for a GWAS.
In contrast, finding diversity in outbred species is less challenging than accurately assaying
it. Outbred species tend to have high genetic diversity, with very large numbers of polymor-
phisms, and often relatively less correlation between these polymorphisms (i.e. low LD; Ny-
bom and Bartish, 2000). In such cases, population restructuring is less likely to be required,
and whole-genome sequencing may be used immediately (Brachi et al., 2011). However, very
large sample sizes are often required to achieve a statistically powerful polymorphism-wise
association study, especially when the number of polymorphisms is very large (Pfeiffer and
Gail, 2003; Purcell et al., 2003).
Regardless of the genetic diversity and the population genetics of the sample set at hand,
plants must be grown and traits of interest must be phenotyped, typically using automated
high-throughput phenotyping (Brown et al., 2014). Plants may be grown in laboratory con-
ditions, with the downside that their growth conditions are unrealistic, with obvious con-
sequences on the expression of traits. To combat this, one may grow plants in lab growth
conditions that attempt tomimic the basic environmental characters of some region (e.g. light
intensity and spectral quality, temperature, day length). Genotype-environment interactions
may be investigated, with plants grown under multiple environments, and genetic basis of
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some trait determined independently in each condition.
1.5 Biological case studies
1.5.1 Brachypodum
The genus Brachypodium is collectively an established model system of grass (and in partic-
ular cereal) biology, and is phylogenetically situated among the world’s major cereal crops
(Draper et al., 2001; reviewed in Kellogg, 2015). B. distachyon has received particular atten-
tion, with its small, diploid genome, rapid life cycle, and small stature making it a tractable
organism for laboratory study. The development of a model cereal is of particular interest
given the often very large, complex genomes, long life cycles, large stature of crop species,
and the large divergence, in phenotypic and phylogenetic terms, between these crops and the
established model dicot Arabidopsis thaliana (Brkljacic et al., 2011). Significant variation in
ploidy and genome architecture exists in Brachypodium, for example the common B. hybridum
is an allo-tetraploid (2n=4x) between B. distachyon and B. staceii (Catalán et al., 2012). Such
ploidy variation enhances the utility of this species complex as a model of cereal evolution,
as many cereals have similar variation in ploidy and genome architecture. Studies of genetic
diversity in B. distachyon found moderate genetic variation, confounded by strong structure
and inbreeding, and extensive migration with little recombination (Filiz et al., 2009; Vogel et
al., 2009; reviewed in Scholthof et al., 2018).
Efforts to establish Brachypodium as a model for cereal quantitative genetics are ongoing,
with a B. distachyon reference genome assembly first released in 2010 (Bd21; The Interna-
tional Brachypodium Initiative, 2010), and an independent assembly of Bd21-3 available pre-
publication from JGI Phytozome release 11. The first sizeable collection of wild accessions
and associated phenotypes was released in 2014 (Tyler et al., 2014). Short satellite repeat (SSR)
markers and a collection of inbred lines were developed from samples of Turkish origin (a
diversity hotspot; Vogel et al., 2009). Collections of hundreds of accessions were developed,
primarily as part of the USDA’s Germplasm Resources Information Network (Scholthof et
al., 2018). However, at the outset of the collaborative project I present in Chapter 5, no global
collections of a suitable size for GWAS were publicly available.
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1.5.2 Eucalyptus
The genus Eucalyptus comprises more than 800 described taxa, with natural distributions
restricted to Australia and surrounding tropical islands. Eucalypts are the dominant and key-
stone tree species in most Australian habitats, and some species are hardwood forestry species
of global significance. Eucalypts range in form from large shrubs to the world’s tallest an-
giosperm (“Centurion”, a E. regnans in Tasmania that recently reached 100 metres; National
Register of Big Trees, 2013). Thornhill et al. (2015) estimate the age of the genus Eucalyptus
to be approximately 70 My. The genus is classified into three main subgenera which each
contain a hierarchical grouping of species into series and series to sections (Pryor and John-
son, 1971). For example, Chapter 6 concerns two species, E. albens and E. sideroxylon, from
two different series (buxaeles and melliodoriae) within the section Adnataria of the subgenus
Symphiomyrtus. Many species within Eucalyptus readily hybridise, often forming fertile off-
spring and hybrid swarms (e.g. Pryor, 1953). Eucalypts are generally pollinated by generalist
insect or vertebrate pollinators, and preferentially outcross (Potts and Gore, 1995). Broadly,
previous genomic studies of widespread eucalypt species reveal very high genetic diversity,
and low population structure and isolation by distance and/or environment (e.g. Potts and
Jordan, 1994; Bloomfield et al., 2011; Gauli et al., 2014; Griffin et al., 1987; Supple et al.,
2018).
1.6 Chapter summaries
This thesis presents work that views evolutionary genetics from a wide variety of angles.
Chapters 2 and 3 describe the development of new computational methods to analyse GBS
data. Chapter 4 describes kWIP, an estimator of genetic distance that operates directly on
short read sequencing data. Chapter 5 describes a large effort to establish genetic resources for
GWAS in themodel cereal Brachypodium, and uses these resources for aGWAS on agronomic
traits under simulated climate change. Chapter 6 presents recent work that seeks to identify
the landscape drivers of genetic divergence and diversity in two woodland eucalypt species.
Chapter 7 summarises these works, and proposes several avenues for further investigation.
Chapters 2, 3, 4, and 5 outline works that have been accepted in peer reviewed journals, and
accepted articles are replicated in this thesis for convenience.
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Chapter 2
Axe: rapid, competitive sequence read
demultiplexing using a trie
In this chapter, I describe a new method for demultiplexing short read sequencing data (e.g.
Illumina). Axe efficiently matches the sequence of each read to a precomputed mapping of
the expected index sequences (allowing for sequencing error), and outputs each sample’s se-
quence data as an independent file. Axe was created to operate on Genotyping-by-Sequencing
data, however it is compatible with any sequencing approach with in-read index sequences.
I devised this algorithm, implemented it in the Axe program, and designed and executed the
experiments that show Axe is at least as accurate as and far faster than several competing
methods.
This chapter is published as an application note in Bioinformatics (2018; doi:
10.1093/bioinformatics/bty432). The senior author authorises the inclusion of this
manuscript in my thesis.
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Abstract
Summary: We describe a rapid algorithm for demultiplexing DNA sequence reads with in-read in-
dices. Axe selects the optimal index present in a sequence read, even in the presence of sequenc-
ing errors. The algorithm is able to handle combinatorial indexing, indices of differing length and
several mismatches per index sequence.
Availability and implementation: Axe is implemented in C, and is used as a command-line
program on Unix-like systems. Axe is available online at https://github.com/kdmurray91/axe, and is
available in Debian/Ubuntu distributions of GNU/Linux as the package axe-demultiplexer.
Contact: axe@kdmurray.id.au
Supplementary information: Supplementary data are available at Bioinformatics online
1 Introduction
The incredible yield of modern DNA sequencing technologies has
enabled the multiplexing of DNA samples into a single sequencing
unit. Multiplexing is achieved by the addition of short sequences (in-
dices) to each molecule to be sequenced. When sequenced, these
index sequences uniquely identify the sample to which a sequence
read belongs. Many commercial protocols use platform specific fea-
tures to add these DNA indices such that sequencing platforms can
automatically demultiplex these samples. However, many custom
sequencing protocols, including GBS (Elshire et al., 2011), add indi-
ces which end users must themselves demultiplex. Combinatorial
indexing schemes add independent index sequences to both pairs of
a paired-end sequencing protocol, and samples are identified by the
combination of these two index sequences [e.g. (Peterson et al., 2012)].
Many sequencing read demultiplexers have been published. For ex-
ample, both Flexbar (Dodt et al., 2012) and the Fastx-toolkit’s fastx_-
barcode_splitter.pl (Available at http://hannonlab.cshl.edu/fastx_
toolkit/) accept single- and paired-end reads, however they cannot
demultiplex combinatorial indices. AdapterRemoval (Schubert et al.,
2016) can demultiplex combinatorial indices, but cannot demultiplex
indexes which differ in length. The same is true of DeML (Renaud
et al., 2015), which also uses a trie data structure. We developed axe to
address these shortcomings.
2 Materials and methods
2.1 Algorithm
Axe matches the prefix of a sequence read against a pre-computed
trie of index sequences. To do so, axe first calculates all sequences
within a given Hamming distance (Hamming, 1950) of each index
sequence. Axe then associates each of these sequences with its
respective sample identifier using a double-array trie. Reads are
demultiplexed by finding the read’s longest prefix in the trie of (pos-
sibly mutated) index sequences, and assigning that read to its associ-
ated sample. This algorithm extends easily to combinatorial
indexing, where two independent indices prefix each read of a read
pair. The constant-time nature of these lookups allows Axe to re-
main rapid even with many thousand possible samples. Although
this algorithm is agnostic as to which end of a sequencing read con-
tains a index, only 5’ (prefix) index demultiplexing is currently
implemented.
2.2 Operation
To demultiplex sequence reads, one uses the command axe-demux.
This command takes input reads as FASTQ or FASTA files which
may contain single- or paired-end reads. Paired-end reads may be
interleaved, and output reads can be written in any of these formats.
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Axe is implemented in the C language, and is available at https://
github.com/kdmurray91/axe. It may be built from source code on
any modern POSIX operating system (including GNU/Linux and
Mac OS X). The only dependencies not bundled with the source dis-
tribution are CMake and zlib. Axe is also available in the Debian
and Ubuntu GNU/Linux distributions as the axe-demultiplexer soft-
ware package.
3 Results
3.1 Demultiplexing accuracy and performance
We benchmark the speed and accuracy of axe, flexbar,
AdapterRemoval and fastx_barcode_splitter.pl (hereafter ‘fastx’).
When demultiplexing read pairs with an index sequence on one read
only (single-end), both axe and fastx are able to perfectly demulti-
plex all reads, with no error and with no reads left unassigned.
AdapterRemoval fails to assign a minuscule proportion of reads,
while flexbar mis-assigns several percent of reads (Fig. 1A). When
demultiplexing combinatorially indexed read pairs, axe again
demultiplexes all reads perfectly and AdapterRemoval fails to assign
a small proportion. When demultiplexing reads with variable-length
index sequences, axe performs perfectly, while flexbar mis-assigns
several percent of reads. In all cases, axe is the fastest demultiplexer
tested. AdapterRemoval performs several times slower than axe.
fastx and flexbar perform hundreds of times slower than axe and
AdapterRemoval (Fig. 1B). The methods underlying these experi-
ments are available as online Supplementary Material.
3.2 Summary
Here, we implement a rapid and accurate algorithm for demultiplex-
ing 5’-indexed reads. We show equal or improved accuracy and
reduced computational cost compared to previous software devel-
oped to perform this task. In addition, more complex indexing
schemes including combinatorial and/or variable length index
sequences are supported. While in-read indexing is being phased out
in some protocols, it persists in others such as GBS (Elshire et al.,
2011) and RNAseq using unique molecular identifiers (Kivioja
et al., 2012). Additionally, Axe’s algorithm is applicable to demulti-
plexing out-of-read indexing schemes, though the implementation
does not currently support this.
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Chapter 3
libqcpp: A C++14 sequence quality
control library
This chapter outlines a software project that aimed to implement many next-gen sequenc-
ing quality control measures in a unified, reusable fashion. Libqcpp is a C++ library that
presents an interface to several sequence quality control measures, including base quality
measurement, read filtering, GBS-specific trimming, removal of low-coverage bases and qual-
ity reporting. Trimit is a command-line interface to this library. I designed and implement
Trimit and Libqcpp, devised and tested several new quality control metrics, and wrote the
software paper (including the online tutorials and use cases).
This paper was accepted for publication in the Journal of Open Source Software (2017;
doi: 10.21105/joss.00232). The Journal of Open Source Software is a new, peer-reviewed
journal for the dissemination of novel software and algorithms to a bioinformatics audience.
JOSS papers are a summary of each software tool, and articles are accepted only when soft-
ware meets several requirements: validation experiments are implemented in automated tests,
use cases are presented in documentation and tutorials, and code is of a high quality. The se-
nior author authorises the inclusion of this manuscript in my thesis.
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Summary
Libqcpp implements a variety of algorithms for Next-generation Sequencing (NGS) data
quality control. These algorithms include:
• Sliding-window quality score trimming, using an algorithm based on Sickle (Joshi
and Fass 2011).
• A combined adaptor removal and read merging algorithm for paired end reads that
uses global pairwise alignment of reads. This algorithm is similar to AdapterRe-
moval (Lindgreen 2012).
• Cycle-wise summarisation of base quality scores, similar to FastQC (Andrews 2012)
Libqcpp allows simple composition of quality control pipelines that combine these features
into a single unit. Application code can then simply read from a stream of sequence
reads that have passed quality control measures. Optionally, parsing and quality control
can occur in one or more background threads for efficiency. Reports detailing actions
performed and summaries of results may be obtained in YAML format. Libqcpp includes
trimit, a command line interface to these features for those not building their own
applications.
Libqcpp uses the SeqAn library for sequence parsing and alignment (Döring et al. 2008),
libyaml-cpp for YAML report generation, and Catch for unit testing. Documentation on
API and command line usage is included, and available at https://qcpp.readthedocs.io/.
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Chapter 4
kWIP: The k-mer weighted inner
product, a de novo estimator of genetic
similarity
This chapter presents a new computational method for estimating genetic distance from short
read sequencing data. Specifically, kWIP extends Euclidean distance-based alignment-free se-
quence comparison methods with a novel weighting scheme. This entropy weighting reduces
the noise introduced by sequencing error and variable coverage inherent in low-coverage pop-
ulation resequencing experiments. I both devised the novelmetric, designed and implemented
the software, and conducted validation experiments. Co-authors suggested mathematical im-
provements to the implementation of the metric, and helped design validation experiments.
This work was accepted in PLoS Computational Biology (2017; doi: 10.1371/jour-
nal.pcbi.1005727). The senior author authorises the inclusion of this manuscript in my
thesis.
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Abstract
Modern genomics techniques generate overwhelming quantities of data. Extracting popula-
tion genetic variation demands computationally efficient methods to determine genetic relat-
edness between individuals (or “samples”) in an unbiased manner, preferably de novo.
Rapid estimation of genetic relatedness directly from sequencing data has the potential to
overcome reference genome bias, and to verify that individuals belong to the correct genetic
lineage before conclusions are drawn using mislabelled, or misidentified samples. We pres-
ent the k-mer Weighted Inner Product (kWIP), an assembly-, and alignment-free estimator
of genetic similarity. kWIP combines a probabilistic data structure with a novel metric, the
weighted inner product (WIP), to efficiently calculate pairwise similarity between sequencing
runs from their k-mer counts. It produces a distance matrix, which can then be further
analysed and visualised. Our method does not require prior knowledge of the underlying
genomes and applications include establishing sample identity and detecting mix-up, non-
obvious genomic variation, and population structure. We show that kWIP can reconstruct
the true relatedness between samples from simulated populations. By re-analysing several
published datasets we show that our results are consistent with marker-based analyses.
kWIP is written in C++, licensed under the GNU GPL, and is available from https://github.
com/kdmurray91/kwip.
This is a PLOS Computational Biology Software paper.
Introduction
A major application of DNA sequencing is comparing the genetic make-up of samples with
one another to either identify commonalities, and thus detect relatedness, or to leverage the
differences to elucidate function. Initially, one seeks to confirm assumed genetic lineages and
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replicates or to group samples into families, populations, and species. Estimating the genetic
relatedness between a broad collection of samples must avoid bias and have minimal per sam-
ple cost.
Nowadays, the vast majority of studies in population genomics are performed using next
generation sequencing (NGS) [1]. The methods commonly employed to analyse whole
genome DNA sequencing data rely on two complementary concepts: the assembly of refer-
ence genomes and comparing samples to this reference by re-sequencing, read mapping, and
variant calling. This approach, while functional in model organisms, is not ideal. Selecting
the reference individual is mostly random, generating a reference genome assembly is time
consuming and costly [2, 3], and analyses based on read alignment to a possibly inappropri-
ate reference genome sequence are highly susceptible to bias [4, 5], to the point where large
parts of the genomes are missed when sufficiently different or absent from the reference.
Alignment-free methods for measuring genetic relatedness would help overcome this refer-
ence genome bias.
Another issue of concern is sample identification. A recent review [6] found that sample
misidentification occurs at an alarming rate. With ever increasing sample numbers in (popula-
tion) genetic projects, the issue of correct and consistent metadata arises on several levels: tech-
nical (mix-up) and biological (misidentification). Large field, and entire gene bank collections
are being DNA-sequenced. With sample handling from the field through the laboratory to the
sequence read files and eventual upload to data repositories, there is ample opportunity for
mix-up and mislabelling of samples and files. This problem is exacerbated by the often highly
collaborative nature of such undertakings. Some misidentifications, however, might be virtu-
ally undetectable without molecular genetic analysis, such as varying levels of ploidy, cryptic
species, or sub-genomes in (compilo)species complexes [7]. Unfortunately, much of this hid-
den variation is easily overlooked by following aforementioned current best practices to calcu-
late genome-wide genetic relatedness from short read sequencing data. Erroneous sample
identification and/or underestimating the level of divergence has implications for downstream
analysis choices, such as which samples and populations to use for a Genome Wide Associa-
tion Study (GWAS); the missing heritability might then in fact be in the metadata.
The field of alignment-free sequence comparison aims to combat these difficulties by avoid-
ing the process of sequence alignment. Approaches include decomposition into words, i.e.,
substrings of length k, commonly referred to as k-mers [8–11], sub-string or text processing
algorithms [12–14], and information theoretic measures of sequence similarity or complexity
[15]. While avoiding sequence alignment, some alignment-free sequence comparison tools
still require prior knowledge of the underlying genome sequences, which precludes their use
as a de novo tool. Recently, several algorithms enabling de novo comparisons have been pub-
lished. These extensions all attempt to reconstruct phylogenetic relationships from sequencing
reads. Spaced [13, 16] uses the Jensen-Shannon distance on spaced seeds (small k-mers a
short distance from one another or with interspersed disregarded bases) to improve perfor-
mance of phylogenetic reconstruction. Cnidaria [17] and AAF [18] use the Jaccard distance
to reconstruct phylogenies, while mash [19] uses a MinHash approximation of Jaccard dis-
tance to the same effect.
One of the most established and studied alignment-free sequence comparison metrics is the
D2 statistic [8, 10]. It measures the difference between two sequences by the number of k-mer
matches. First, all k-mers are counted in each sequence and recorded in a count vector. Then
the difference between those vectors is measured. In the case of the original D2 statistic, this
is achieved by simply building the vector product. Several derivatives of the D2 statistics, e.g.,
D
2
, DS
2
, have been developed over the years [8, 20–23], which aim to improve accuracy by
modelling and correlating observed versus expected k-mer frequencies. While these statistics
The k-mer weighted inner product
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have been extended to Next Generation Sequence data [24] and successfully applied to meta-
genome comparisons [25], these D2 statistic derivatives, such as D2 and D
S
2
, have the significant
drawbacks of slow computational speed and the difficulties of defining the background
models.
Here we present the k-mer Weighted Inner Product, a new metric to estimate genetic relat-
edness that introduces and combines two concepts to k-mer-based sequence comparison. Simi-
lar to the D2 statistic(s), the similarity measure is an inner product of k-mer counts, but firstly,
we no longer compare every k-mer, but rather hash all k-mers of a sample into a probabilistic
data structure: a sketch [26]. The resulting sketches are, in effect, vectors of k-mer counts;
importantly, the sketches for all samples have a constant size. Secondly, we introduce an infor-
mation-theoretic weighting to elevate the relevant genetic signal above the noise. Pairwise
similarity is then calculated by the inner product between k-mer counts, weighted by the infor-
mation content derived from their frequencies across the population. Our procedure is imple-
mented in a software tool (kWIP) that calculates our metric, the k-mer Weighted Inner
Product, directly from sequencing reads. We show by simulations and by re-analysing published
datasets, that kWIP can quickly, and accurately detect genetic relatedness between samples.
Design and implementation
kWIP operates on files containing sequencing reads generated by common modern sequenc-
ing platforms (e.g., Illumina). First, kWIP utilises khmer [27, 28] to count overlapping words
of length k (k-mers) into a probabilistic data structure, a sketch, for each sample. In order to
establish the weights kWIP then counts presence/absence of each k-mer across all sample
sketches and records this population occurrence frequency in a frequency sketch (F). We cal-
culate similarity (K) as the inner product between each pair of sample sketches, weighted by
the Shannon entropy (H) of the respective frequency (F). The concept is illustrated in Fig 1.
Fig 1. Overview of the weighted inner product metric as implemented in kWIP. (A) k-mers are counted into sketches (using khmer [28]). Columns
represent the “bins” in each sketch. The frequencies of non-zero counts across a set of sketches is computed, forming the population frequency sketch
(denoted F). We calculate Shannon entropy of this frequency sketch as the weight vector for the WIP metric (denoted H, see Eq 2). (B) Illustration of
Shannon Entropy as used in kWIP: the relationship between the population frequency (F) and the weight (H).
https://doi.org/10.1371/journal.pcbi.1005727.g001
The k-mer weighted inner product
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k-mer counting
For each sample, kWIP uses khmer to decompose sequencing reads into overlapping words
of some fixed length k, e.g., 20. The value of a reversible hash function is computed for each
k-mer. k-mers are canonicalised by using the lexicographically smaller of a k-mer and its
reverse complement. k-mers are counted using one sketch per sample. These sketches are
vectors with prime number length, typically several billion elements in size (denoted Si for
sample i). The elements of these sketches are referred to as bins (indexed by b, e.g. Sib), and
can store values between 0 and 255 (integer overflow is prevented). To count a k-mer, the b-
th bin of the sketch (Sib) is incremented, where b is the hash value of the k-mer modulo the
(prime) length of the sketch. For most use cases, k-mers between 19 and 21 bases long should
achieve a good balance between specificity and sensitivity across genomes and genomic
regions [29]. Note that the possible number of k-mers (4k) is much larger than the length of a
sketch. Therefore, aliasing (or “collisions”) between k-mers can occur, but in practice can be
avoided with appropriate parameter selection [27]. It is worth noting that aliasing can only
increase similarity between any two samples and should occur uniformly across all sample
pairs.
Weighting and similarity estimation
Genetic similarity is estimated by calculating the inner product between each pair of sample
sketches (Si, Sj), weighted by the informational content of each bin. The population frequency
sketch (F) contains the frequency of occurrence for each bin, calculated as the proportion of
samples with a non-zero count for each bin. We calculate a weight vector (H) of these occur-
rence frequencies using Shannon entropy as per Eq (1). In the Weighted Inner Product (WIP)
metric (or kernel), pairwise similarities are then calculated as the inner product over every pair
of sample sketches, weighted by H as per Eq (2). The unweighted Inner Product (IP) metric is
simply the inner product between the two sketch vectors, STi Sj, without weighting. This pro-
duces a matrix of pairwise inner products K, commonly referred to as a kernel matrix. The ker-
nel matrix is then normalised using the Euclidean norm Eq (3), and converted to distances
using the “kernel trick” [30] as per Eq (4). To ensure distance matrices are Euclidean, kWIP
confirms that the resulting kernel matrix is positive semi-definite by checking that all eigenval-
ues are non-negative using the Eigen3 library [31].
The distances kWIP produces are relative within the set of samples being compared. This is
because the weight vector (H) is specific to the set of samples and the similarity estimates are
normalised to account for varying sequencing coverage. In other words, the kWIP distance for
a given pair of samples will depend on the set of samples within which they are analysed.
H ¼   ðF log 2ðFÞ þ ð1   FÞ log 2ð1   FÞÞ ð1Þ
Kij ¼
Xn
b¼1
SibSjbHb ð2Þ
K 0ij ¼
Kij
ffiffiffiffiffiffiffiffiffiffi
KiiKjj
p ð3Þ
Dij ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
K 0ii þ K 0jj   2K 0ij
p
ð4Þ
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Implementation
Pairwise calculation of genetic distances from k-mer count files with both the WIP and IP met-
rics is implemented in C++ as kWIP. kWIP is licensed under the GNU GPL, and source code
and pre-compiled executables are available from https://github.com/kdmurray91/kwip. Docu-
mentation and tutorials are available from https://kwip.readthedocs.io. To use kWIP, one first
counts k-mers present in each sample using khmer’s load-into-counting.py script
[28]. kWIPwill then estimate similarity from these counts, producing a normalised Euclidean
distance matrix and, optionally, the corresponding similarity matrix (kernel matrix). kWIP
parallelises pairwise similarity calculations across cores of a multi-threaded computer to
ensure fast operation.
Results
We show that kWIP is able to accurately determine genetic relatedness in many scenarios.
Using a simulated population re-sequencing experiment, we quantify how the population fre-
quency-based weighting applied by kWIP improves accuracy, that is the correlation with the
known truth, when compared to existing approaches, mash [19], and the unweighted metric,
IP. We recover known technical and biological relationships between sequencing runs of the
3000 Rice Genomes project [32, 33]. We show that kWIP’s estimate of genetic relationships
between Chlamydomonas samples is nearly identical to results obtained by a more traditional,
SNP-based analysis employing read mapping and variant calling against a reference genome
with the same sequencing data [34]. By analysing a dataset on root-associated microbiomes
[35], we show that our approach of sample clustering by kWIP can be extended to clustering
of metagenome samples.
Quantification of kWIP performance
We quantified the performance of kWIPwith simulated population sequencing data. We com-
pare our novel metric, the weighted inner product (WIP), to the unweighted inner product
(IP), which we consider equivalent to the D2 statistic, and to mash [19]. We simulated 20 pop-
ulations of 12 individuals with 1 MBp genomes and analysed each with kWIP and mash for k-
mers of k = 20. A summary of the results of these 20 replicate analyses with each of the metrics
is shown in Fig 2.
Unsurprisingly, for all metrics the accuracy, that is the rank correlation (Spearman’s ρ) to
known truth, decreases with decreasing genome coverage, i.e., average sample sequencing
depth (Fig 2A), as well as with decreasing average number of nucleotide differences per site, π
(Fig 2B).
Importantly, at low coverages, the weighted metric (“WIP”) performs better than the
unweighted (“IP”) (Fig 2A). Above a certain coverage, in the case of our simulations above
about 30-fold, the performances of the WIP and IP metrics converge. At a constant genome
coverage, the improvement in accuracy of the WIP metric relative to the IP metric increases
as mean pairwise genetic variation decreases (Fig 2B). While the accuracy of the IP metric
decreases markedly below an average number of nucleotide differences per site (π) of approxi-
mately 0.01, the WIP metric does not show such decrease.
In order to compare the performance of kWIP relative to Mash [19] we conducted two
analyses with mash: one with abundance filtering enabled to remove singleton k-mers (“Mash
AF”) and one without (“Mash“). Within the scope of our simulations kWIP yields more accu-
rate results than mashwhen sequencing coverage and/or sequence divergence is low; a typical
scenario in large-scale, population genetic analyses within species. Through the entire range of
simulation parameters, kWIP never yields results less accurate than mash, irrespective of
The k-mer weighted inner product
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abundance filtering (Fig 2). It is interesting to note that mash appears to exhibit characteristic
accuracy maxima, and accuracy decreases dramatically when mean sequencing depth is fur-
ther increased. In addition, abundance filtering seems to have a strong, genome coverage-
dependent effect on the accuracy of mash (Fig 2A). With the chosen parameter settings, mash
runs much faster than kWIP (about 10-fold faster; see performance comparisons in Table 1).
In analyses with kWIPwe find that the coefficient of variation between the number of
sequencing reads per sample matters. For samples with much lower mean sequencing depth
than the average, kWIP has difficulty to accurately determine its relatedness to other samples.
Table 1. Computational performance of kWIP.
Dataset Dataset Size Distance Calculation Time (s)
Samples Reads k-mers Mash WIP IP
Simulation (8x) 36 7.9e4 ± 2.4e3 1.3e6 ± 1.3e5 6 ± 1 45 ± 3 40 ± 4
Simulation (32x) 36 3.2e5 ± 1.0e4 2.3e6 ± 3.8e5 5 ± 1 53 ± 3 46 ± 5
Rice Replicates 96 9.7e6 ± 1.5e6 1.8e8 ± 1.5e7 - 2241 ± 139 1892 ± 286
Chlamydomonas 20 2.0e8 ± 2.4e7 1.4e8 ± 1.4e7 - 127 194
Measurements of calculation time are in wall-clock seconds on a 16-core, 64GB GNU/Linux server. Figures are means ± standard deviations. For
simulations, these are over the 20 replicate runs performed. For rice replicate clustering, these are over 10 of the 100 independent sets of 96 rice samples.
For Chlamydomonas, times are for the full dataset. The sketch sizes used were 109 bins for kWIP/khmer, and 104 for Mash. Note that k-mers refers to the
number of distinct k-mers as estimated by khmer.
https://doi.org/10.1371/journal.pcbi.1005727.t001
Fig 2. The effect of (A) mean sequencing depth (genome coverage) and (B) average number of nucleotide differences per site (π) on
accuracy of genetic similarity estimates in simulations. We plot mean ± standard deviation of Spearman’s ρ comparing each metric to known
truth across 20 replicate runs. (A) Mean sequencing depth varies while average number of nucleotide differences per site (π) is constant at 0.005.
kWIP: At low to moderate mean sequencing depth (<30x) weighting increases accuracy. The weighted metric (“WIP”) obtains near-optimal accuracy
already at 10x and hence much earlier than the unweighted metric “IP”). There is no noticeable decrease in accuracy with increasing coverage. mash:
regardless of error correction, mash performs less well than WIP. mash shows accuracy maxima at 4x coverage without (“Mash”) and at 16x
coverage with abundance filter (“Mash (AF)”), at which point Mash (AF) performs almost as well as WIP. The accuracy of mash decreases
dramatically when coverage is further increased. (B) Genome coverage is kept constant at 8x and average number of nucleotide differences per site
(π) varies. While all metrics perform equally at a (π) of 1 in 100 (0.01), the performance of IP, Mash and Mash (AF) decreases rapidly as (π) between
samples decreases. This does not occur for the weighted metric (WIP).
https://doi.org/10.1371/journal.pcbi.1005727.g002
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We therefore advise to exclude such samples from kWIP analyses or sub-sample reads from
the remainder, if the dataset allows. khmer provides procedures for “digital normalisation”,
which can be used upstream of kWIP to that effect [36]. Our simulations suggest that varia-
tions in genome coverage between samples will also affect the results obtained with mash.
Replicate clustering
kWIP can efficiently verify replicates. Fig 3A and 3B show a representative example of replicate
clustering. The weighted metric (WIP) is able to accurately cluster replicates (Fig 3A), whereas
the unweighted metric (IP) makes mistakes, as highlighted in red in Fig 3B. We quantified this
difference in performance and Fig 3C shows the distribution of rank correlation coefficients
between distances obtained with the WIP and IP metrics and the expected clustering patterns
for 100 sets of 96 sequencing runs. The WIP metric outperforms the IP metric, having a signif-
icant higher mean correlation (paired Student’s T test, n = 84, t = 9.63, df = 83, p = 3.6 × 10−15).
Population structure
Flowers, et al. [34] sequenced 20 strains of Chlamydomonas reinhardtii; laboratory strains and
wild accessions sourced from across the continental USA. By alignment- and SNP-based anal-
ysis, they find significant population structure that is mostly explained by geography [34]. In
Fig 4B we display the published genetic relationships as a principal component analysis (PCA)
of SNP genotypes calculated with SNPRelate [37] exactly as presented by the authors [34]. PC1
separates the laboratory strains (and one western sample) from both eastern and western
samples with further structure among wild Chlamydomonas accession collected in western,
southeastern and northeastern USA. In Fig 4A we plot the relatedness between the strains as
revealed directly from the raw sequencing reads with kWIP. We note that the results are highly
similar; the rank correlation between kWIP distances and genome average identity-by-state
(calculated with SNPRelate [37]) is 0.95.
Fig 3. Weighting improves the accuracy of replicate clustering. (A) and (B) show a representative example, demonstrating that (A) the weighted
metric (WIP) correctly clusters all sets of 6 replicate runs into their respective samples (indicated by blue and green bars) while (B) the unweighted metric
(IP) fails to cluster several replicates correctly (indicated by red highlighting). (C) rank correlation coefficients to expected relationships over 100 sets of
96 rice runs for the WIP and IP metrics. The Weighted metric tends to cluster the replicates better.
https://doi.org/10.1371/journal.pcbi.1005727.g003
The k-mer weighted inner product
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005727 September 5, 2017 7 / 17
Each of the 20 strains had been sequenced to a depth of roughly 200-fold genome coverage
[34]. By systematically sub-sampling this dataset we investigated the effect of coverage on the
accuracy of kWIP’s similarity estimation. We find that with decreasing coverage the accuracy
of the relationship estimations decreases (Fig 5A). We illustrate this decay by PCA plots of esti-
mated genetic relatedness at varying coverages (Fig 5B). We note that the performance of
kWIP to determine similarity is very good even at low coverages. A two-fold genome coverage
is enough to detect the major splits in this dataset (Laboratory vs West vs East).
Metagenome relatedness
Edwards, et al. [35] sequenced 16S rDNA amplicons from rice root-associated microbiomes
and find stratification of samples by rhizo-compartment, cultivation site, and cultivation prac-
tice. Analysing their raw sequencing data with kWIP, we detect highly similar stratification
between microbial communities. An example is shown in Fig 6. We observe a gradient of sam-
ples from within the root, through the root-soil interface into soil, and separation by cultiva-
tion site. This replicates the separation of samples by rhizo-compartment and cultivation site
published by Edwards, et al. [35], shown in Fig 6.
Discussion
The k-mer Weighted Inner Product (kWIP) estimates genetic distances between samples
within a population of samples directly from next generation sequencing data. kWIP does not
require a reference genome sequence and is able to estimate the genetic distances between
samples with less data than is typically used to call SNPs against a reference. As a k-mer-based
method, kWIP is sequencing protocol and platform agnostic, allowing use into the future.
kWIP uses a new metric, the weighted inner product (WIP), which aims to reduce the effect
of technical and biological noise and elevate the relevant genetic signal by weighting k-mer
counts by their informational entropy across the analysis set. This weighting has the effect of
down-weighting k-mers that are either highly abundant or present in very few samples. Those
k-mers are typically uninformative, because they are either common, fixed, repetitive,
Fig 4. Genetic relatedness between Chlamydomonas reinhardtii strains based on sequencing data from [34].
SNPrelate [37] was used to compute the PCA decomposition directly from SNP genotypes provided by the authors. This
replicates the analysis of [34] and is displayed on the right. On the left, we show the results of MDS performed on the
distance matrix obtained with kWIP.
https://doi.org/10.1371/journal.pcbi.1005727.g004
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invariable, or rare, or erroneous. By using Shannon entropy, the weights of common and infre-
quent k-mers are assigned lower, but non-zero weights, allowing them to contribute to the
signal.
Euclidean distances are then calculated from these weighted inner products and kWIP out-
puts a matrix of pairwise distances between samples, which are easily visualised and may be
Fig 5. The effect of mean sequencing depth (genome coverage) on kWIP’s estimate of genetic relatedness between samples of
Chlamydomonas reinhardtii (data from [34]). (A) Spearman’s rank correlation between sub-sampled datasets and the full dataset across a
range of subset average genome coverages. (B) PCA plots of relatedness obtained using kWIP on selected sub-sampled datasets. “full” refers to
the entire dataset (i.e., Fig 4), while “0.1x” refers to a sub-sampled dataset with average mean sequencing depth of 0.1 over the C. reinhardtii
genome (likewise for 1x, 2x, and so on).
https://doi.org/10.1371/journal.pcbi.1005727.g005
Fig 6. Estimation of similarity between metagenome samples. We used kWIP to examine 16S rDNA amplicon sequencing data of Edwards, et al.
[35] and compare our kWIP result (“kWIP”) with the results as presented by Edwards, et al. (“Weighted UniFrac” and “UniFrac”). We find that kWIP
replicates their observations of stratification of root-associated microbiomes by rhizo-compartment (PC1) and experiment site (PC2).
https://doi.org/10.1371/journal.pcbi.1005727.g006
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used for sample classification and to cluster samples into groups. These distance matrices are
amenable to quantitative comparison of genetic distance to geographic or environmental dis-
tances, for example using mantel tests or generalised dissimilarity modelling. We show high
concordance between PCAs obtained using SNP data and those using kWIP. It is possible that
population genetic statistics, including FST, could be recovered using kWIP via a genealogical
interpretation of PCA, as is proposed and shown possible for SNP datasets [38].
We have demonstrated the applicability and effectiveness of kWIP using simulations and
several published datasets. Through simulations, we quantify how the novel weighting
improves accuracy over both the unweighted inner product and Mash, specifically in cases
where genetic differentiation or sequencing depth is low (Fig 2). With data from the 3000 rice
genome dataset [33], we reconstruct known relationships between samples and sequencing
runs, such as membership of samples to major genetic groups of Oryza sativa, and the correct
clustering of replicates (Fig 3).
From sequencing reads of a population re-sequencing experiment in Chlamydomonas [34]
we precisely recreate their visualisation of population relatedness (Fig 4). This dataset suited
for comparison because Flowers, et al., had based their analysis not only on variants recovered
by read alignment to the reference genome, but attempted to recover and use additional varia-
tion by assembling leftover reads that did not match the reference into contigs and calling
additional variants between these contigs. This approach, while reducing reference-genome
bias, required extensive sequencing depth to enable de-novo assembly; the authors chose
around 200-fold coverage, which in turn enabled us to assess kWIP’s performance at various
sequencing depths (Fig 5).
Efficient characterisation of complex metagenome samples has traditionally relied on meth-
ods of reduced representation. We show that kWIP is able to detect structure between micro-
bial communities based on 16S rDNA amplicon sequencing data, at least as well as current
practice (Fig 6). It should be possible to apply kWIP to random shotgun sequencing data from
such samples. Also, estimates of complexity and diversity within and between metagenomes
are currently mostly gene based, but could also be made efficiently at the k-mer-level leverag-
ing sketched data structures.
The key innovation of kWIP is the combination of a fixed-sized, probabilistic data structure
(sketch) for counting k-mers with an entropy-weighted inner product as a measure of similar-
ity between samples. By virtue of their fixed size, sketches enable rapid arithmetic operations
on k-mer counts. Sketches enable kWIP to rapidly aggregate across a populations to derive
weights, and to efficiently compute the inner products. These benefits outweigh the possibility
of collisions between k-mers, which in any case have been observed to be rare [27] given
appropriate sketch size. Sketching data structures are commonly used for k-mer counting (for
example Count-Min Sketches [27, 28], and Bloom Filters [39]), but have not been widely
adopted in alignment-free sequence comparison.
Weighting of inner products between sketches allows us to account for non-uniform
information content of each k-mer. kWIPweights by Shannon entropy of presence/absence
frequency across a population. This provides an assumption-free estimate of the information
content of each k-mer. By down-weighting both rare k-mers introduced by rare variants or
sequencing errors, as well as k-mers present in most or all samples, we are reducing the con-
tribution of k-mers that carry less information. It is possible that other weighting functions
that assume various population parameters could provide a more faithful estimate of the
information content of each k-mer. The application of word-specific weighting has prece-
dence in text processing, where it has been used to account for varying importance of words
in a document [40]. However, because we intend kWIP to be used in situations where such
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parameters are either unavailable or potentially inaccurate, we prefer that our weighting is
free of assumptions.
An inner product between k-mer counts has long been used to detect and measure
sequence similarity, and is referred to as the D2 statistic. There have been many derivatives of
the D2 statistic that seek to enhance its accuracy in recreating evolutionary histories (e.g., DS2,
and D
2
[20–22]). kWIP does not attempt to re-create evolutionary histories, but rather esti-
mates the similarity of genetic material as it exists today. This is sufficient and even desirable
for many of kWIP’s intended uses. When validating experimental metadata, one seeks to
establish whether similarity between sequencing runs matches expectations. Particularly for
metagenome samples, where variation can be in both abundance and type of organisms, esti-
mating present variation between sample genome sequences is of importance, separate to how
this variation came to be.
kWIP estimates genetic similarity between sequencing runs. Because kWIP operates refer-
ence- and alignment-free, all genetic material present in the sample, the “hologenome”, will
contribute to the analysis. However, we note that k-mers that are considered undesirable and
chosen to be excluded from the analysis could easily be masked, for example by setting their
weight in the weight vector to zero.
Because kWIPweights k-mers, and hence genome content, based on their frequency in the
population being analysed, these weights change when the population changes. This allows for
iterative workflows: in a first, all inclusive step the large groupings and outliers are detected;
subsequently, subgroups can be analysed with increased resolution.
kWIP is purposefully designed to operate free of assumptions or prior knowledge. It is com-
paring data as presented in the sequencing reads without attempting to reconstruct or approxi-
mate the underlying genomes. One could think of several ways of incorporating additional
knowledge, which may improve kWIP’s power to determine relatedness between underlying
genomes. One could, for example, apply smoothing to the k-mer counts, with the goal of dif-
ferentiating between k-mers that are genuinely not in the genomes of a sample and those that
were not observed due to low coverage and/or stochastic sampling; smoothing is used in natu-
ral language modelling [41].
It is possible that alternative distance functions (e.g., Manhattan distance) over weighted
sketches could improve the performance of kWIP, which currently uses Euclidean distance.
Distance measures defined on presence/absence of items, such as the Jaccard index or the Jac-
card index-based measures used by AAF [18] and mash [19], could also be calculated from
our sketches. It may further prove valuable to explore spaced seeds [13, 16], or alternative met-
rics including those considering inexact matches [42, 43].
Methods that enable rapid verification of genetic resources, such as stock centre accessions
or cell lines, prevent expensive and possibly catastrophic mis-identifications. Such classifica-
tion tasks only require comparison with a set of reference samples rather than computing dis-
tances between all samples. Inner product kernels have been used to classify protein sequences
[43, 44] and kWIP could be adapted to sample classification with tree-like structures of kernels
[42] or sketches [45, 46].
Estimating the genetic relatedness between a broad collection of natural accessions provides
a basis for ecological or functional studies and should be a first step towards solutions in breed-
ing and conservation. In most population level experiments, technical sources of error are
dwarfed by the error from insufficient sampling [47]. This is especially true when rare or cryp-
tic lineages are present, and in conditions of non-random mating where population structure
is substantial. Such population level noise can only be overcome by broad studies with large
numbers of samples, ideally by also merging experiments [48]. When individuals from real-
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world populations are collected, or collated, there is normally non-uniform genetic related-
ness. Initially, one seeks to group samples into more closely related families or more distantly
related populations, to then develop sets for further detailed studies. Genetic outliers can rep-
resent mis-identifications and cryptic species and should be detected and excluded. De novo
sample groupings based on whole genome relatedness also inform the selection of suitable ref-
erence individuals and/or building the necessary reference genome sequences. The initial char-
acterisation process must avoid biases and have minimal per sample cost. The use of kWIP
allows one to base the analysis of diversity among samples on low coverage, whole-genome
sequence data and thus facilitates large, balanced study designs. More broadly, experiments
are condemned to be inconclusive and irreproducible if samples are somehow mislabelled or
misidentified. An initial step in all analyses of genetic or functional variation must involve
the verification of sample identity [6]. This preliminary analysis should preferably use whole-
genome sequence data, be de novo, unbiased, and agnostic to sequencing protocol and technol-
ogy. kWIP is an efficient implementation of such a tool.
Availability and future directions
kWIP is implemented in C++ and licensed under the GNU GPL. Source code and pre-com-
piled executables are available from https://github.com/kdmurray91/kwip. Documentation
and tutorials are available from https://kwip.readthedocs.io. Docker images, Snakemake work-
flows and Jupyter notebooks used to perform all analyses presented here are available online at
https://github.com/kdmurray91/kwip-experiments; the respective software versions are noted
within the repository. When given a population of samples, kWIP performs all pairwise com-
parisons, which scales quadratically with regards to the number of samples (Oðn2Þ), but paral-
lelises pairwise similarity calculations across cores of a multi-threaded computer to ensure fast
operation. Analyses of very large data sets, i.e., beyond 10,000s of samples, will benefit from
further optimisation to the implementation of kWIP, including parallelisation across distrib-
uted memory systems with MPI. For each pairwise comparison, the two sketches and the
weight vector must fit in main memory. This limits the size of the sketches and the number of
pairwise comparisons that will run efficiently in parallel on a given node.
Materials and methods
We demonstrate kWIP’s performance with both real and simulated datasets. With simulations
we quantify the performance of kWIP. To demonstrate the utility of kWIP in real-world,
low-coverage, large-scale population genomics datasets, we analyse data from the 3000 Rice
Genomes Project [32, 33]. To show that kWIP estimates genetic similarity as well as current
best practice SNP-based methods, we re-analysed a population genomics study on 20 strains of
Chlamydomonas reinhardtii [34] with kWIP and compare our result to the published results.
Lastly, using data from a study on root-associated microbiomes of rice [35], we show that
kWIP is able to separate microbial communities from 16S rDNA amplicon data at least as well
as current best-practice methods in metagenomics.
We provide all information necessary to reproduce our work: the kWIP analyses performed
here are implemented in Snakemake workflows [49], which describe all steps and software
parameters; random seeds have been fixed where necessary. All downstream analyses are avail-
able as Jupyter notebooks [50, 51]. Both the Snakemake workflows and Jupyter notebooks are
available online at https://github.com/kdmurray91/kwip-experiments; the respective software
versions are noted within this repository.
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Simulations
We simulated several datasets to empirically quantify the performance of kWIP. Twenty popu-
lations with 12 individuals each were simulated using scrm [52]. Branch lengths within each
population were normalised such that the mean pairwise genetic distance (π) was equal.
Branch lengths were then scaled over a range of π (between 0.001 and 0.2) to test the effect of
mean pairwise genetic distance on accuracy. Genome sequences of 1 Mbp genomes were sim-
ulated with DAWG2 [53] and from those short read data for three replicate sequencing runs
per individual were generated at various mean coverages (between 1- and 128-fold) using
Mason2 [54]. We attempted to emulate the reality of sequencing experiments by introducing
random variation in read numbers between replicate runs (coefficient of variation of 0.3).
These simulated sequencing runs were then used to estimate genetic similarity with kWIP and
mash [19]. For analysis with kWIPwe used khmer to hash k-mers of length 20 into sketches
with 107 bins. We estimated genetic similarity with kWIP, using the weighted (“WIP”) and
unweighted (“IP”) metrics. On the same data we performed two analyses with Mash, counting
20-mers into sketches of size 104. For one analysis, we invoked the abundance filter within
mash sketch such that only k-mers observed at least twice were considered (“Mash (AF)”),
whereas the other analysis considered all k-mers regardless of abundance (“Mash”).
The performance of our metrics was measured relative to the true pairwise distances
between the simulated samples. The true distance matrix between samples was calculated from
the simulated, aligned sample genomes (which DAWG2 produces) with scikit-bio. Sam-
ple-wise distances were replicated three times to allow comparison to the distances obtained
from the three simulated sequencing runs. Performance was calculated as Spearman’s rank
correlation (ρ) between all pairwise distances using scipy [55].
Datasets
With several published datasets we demonstrate the performance and utility of kWIP in real-
world scenarios. In all cases, sequence data files for sequencing runs were obtained from the
NCBI Short Read Archive using sra-py [56]. Reads were extracted using the SRA toolkit to
FASTQ files. Low base quality regions were removed using sickle [57] in single-end mode.
Counting of k-mers into count files (sketches) was performed using the load-into-
counting.py script of khmer. Genetic similarity was estimated using kWIP, with the WIP
and IP metrics.
To assess how well kWIP recovers replicate samples and known sample hierarchies at low
sequencing coverage, we turned to publicly available sequence data from the 3000 Rice
Genomes project [32, 33]. Samples of the 3000 Rice Genomes project had been sequenced on
the Illumina HiSeq2000 platform with technical replicates of individual sequencing libraries
split between 6 or more sequencing lanes [32, 33]. Furthermore, there is a rather strong subdi-
vision of rice (Oryza sativa) into subgroups. We compiled 100 sets of 96 runs, i.e., for each set
we chose 16 samples with 6 replicate runs. We ensured that 8 samples each were described by
[32] as belonging to the Indica and Japonica subgroups of O. sativa. We estimated the genetic
similarity between runs in each of these 100 sets with kWIP. The true distances between the
different runs in the 3000 rice datasets are not known, but a topology and sample hierarchy
can be inferred from the metadata. We hence assessed the performance of kWIP in accurately
clustering replicates and recovering population structure against a mock distance matrix that
reflects the expected topology. We created a distance matrix in which each run had a distance
of zero to itself, a distance of 1 to each of its technical replicates (i.e., the other sequencing runs
belonging to the same sample), a distance of 2 to each run from other samples in the same rice
group (Indica or Japonica), and a distance of 4 to each run from a sample belonging to the
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respective other rice group. We then used scipy to calculate Spearman’s rank correlation
between this mock matrix and each distance matrix obtained from real data using kWIP. A
paired Student’s t-test was performed between the estimates of relatedness from the WIP and
IP metrics with the t.test function in R. We used hierarchical clustering to visualise these
relationships, performed in R with the hclust function.
We use whole genome sequencing data on 20 strains of Chlamydomonas reinhardtii [34] to
demonstrate that kWIP is able to detect population structure in a real-world dataset and to
examine the effect of sample sequencing depth (coverage) on accuracy of kWIP. Genetic relat-
edness between the 20 Chlamydomonas reinhardtii samples from this study was estimated with
kWIP using the WIP metric. Classic Multi-dimensional Scaling (MDS) of the kWIP distance
matrix was performed using the cmdscale function in R. For Euclidean distance matrices,
MDS is equivalent to PCA [58]. We compare our MDS results with the principal component
analysis (PCA) decomposition of SNP genotypes calculated with function snpgdsPCA
in SNPrelate [37], working from a VCF file provided by Flowers et al. [34]. From the afore-
mentioned SNP data we calculated genome-wide average identity-by-state (IBS) with the
snpgdsIBS function in SNPrelate [37]. Rank correlation between kWIP distances and 1-IBS
was calculated with function cor in R [59].
We examined the effect of mean sequencing depth (coverage) on the accuracy of kWIP by
random sub-sampling from the sequencing data of each sample. We sub-sampled to coverages
of between 0.01- and 200-fold average genome coverage (0.01, 0.1, 0.5, 1, 2, 4, 8, 12, 15, 25, 50,
75, 100, 150, 200x) across samples using the sample command of seqtk [60]. We attempted
to preserve the coefficient of variation in read numbers that existed in the original dataset
(0.12) by sampling a random number of reads from the appropriate normal distribution.
Spearman’s rank correlation (ρ) was used to compare pairwise distances calculated at each
sub-sampled coverage to those from the original dataset with function cor in R [59].
To demonstrate that kWIP can determine the relatedness of samples in a typical metage-
nomic dataset, we used next generation sequencing data from a study on rice root associated
microbiomes [35] representing 16S rDNA amplicons from soil and root samples. Relatedness
between samples was estimated using kWIPwith the WIP metric, and MDS was performed as
above.
Acknowledgments
We thank Sylvain Forêt, Teresa Neeman, Conrad Burden, Gavin Huttley, Ben Kaehler, Cam-
eron Jack and Fengzhu Sun for comments and advice on the metrics, algorithms, and experi-
ments reported here. We thank Luisa Teasdale for comments on earlier versions of this
manuscript. We thank Joseph Edwards and Johnathan Flowers for providing additional advice
on and results from their datasets.
Author Contributions
Conceptualization: Kevin D. Murray, Norman Warthmann.
Data curation: Kevin D. Murray.
Formal analysis: Kevin D. Murray, Christfried Webers, Cheng Soon Ong, Norman
Warthmann.
Funding acquisition: Justin Borevitz.
Investigation: Kevin D. Murray, Norman Warthmann.
Methodology: Kevin D. Murray, Christfried Webers, Cheng Soon Ong.
The k-mer weighted inner product
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005727 September 5, 2017 14 / 17
Project administration: Norman Warthmann.
Software: Kevin D. Murray.
Supervision: Justin Borevitz, Norman Warthmann.
Validation: Kevin D. Murray, Norman Warthmann.
Visualization: Kevin D. Murray.
Writing – original draft: Kevin D. Murray, Christfried Webers, Cheng Soon Ong, Justin Bor-
evitz, Norman Warthmann.
Writing – review & editing: Kevin D. Murray, Christfried Webers, Cheng Soon Ong, Justin
Borevitz, Norman Warthmann.
References
1. Metzker ML. Sequencing Technologies—the next Generation. Nature Reviews Genetics. 2010; 11
(1):31–46. https://doi.org/10.1038/nrg2626 PMID: 19997069
2. The Arabidopsis Genome Iniative. Analysis of the Genome Sequence of the Flowering Plant Arabidop-
sis Thaliana. Nature. 2000; 408(6814):796–815. https://doi.org/10.1038/35048692 PMID: 11130711
3. Nystedt B, Street NR, Wetterbom A, Zuccolo A, Lin YC, Scofield DG, et al. The Norway Spruce Genome
Sequence and Conifer Genome Evolution. Nature. 2013; 497(7451):579–584. https://doi.org/10.1038/
nature12211 PMID: 23698360
4. Brandt DYC, Aguiar VRC, Bitarello BD, Nunes K, Goudet J, Meyer D. Mapping Bias Overestimates Ref-
erence Allele Frequencies at the HLA Genes in the 1000 Project Phase I Data. G3: Genes|Genomes|
Genetics. 2015; 5(5):931–941. https://doi.org/10.1534/g3.114.015784 PMID: 25787242
5. Iqbal Z, Caccamo M, Turner I, Flicek P, McVean G. De Novo Assembly and Genotyping of Variants
Using Colored de Bruijn Graphs. Nature Genetics. 2012; 44(2):226–232. https://doi.org/10.1038/ng.
1028 PMID: 22231483
6. Bergelson J, Buckler ES, Ecker JR, Nordborg M, Weigel D. A Proposal Regarding Best Practices for
Validating the Identity of Genetic Stocks and the Effects of Genetic Variants. The Plant Cell. 2016;
28(3):606–609. https://doi.org/10.1105/tpc.15.00502 PMID: 26956491
7. Harlan JR, de Wet JMJ. The Compilospecies Concept. Evolution. 1963; 17(4):497. https://doi.org/10.
1111/j.1558-5646.1963.tb03307.x
8. Song K, Ren J, Reinert G, Deng M, Waterman MS, Sun F. New Developments of Alignment-Free
Sequence Comparison: Measures, Statistics and next-Generation Sequencing. Briefings in Bioinfor-
matics. 2014; 15(3):343–353. https://doi.org/10.1093/bib/bbt067 PMID: 24064230
9. Tang J, Hua K, Chen M, Zhang R, Xie X. A Novel k-Word Relative Measure for Sequence Comparison.
Computational Biology and Chemistry. 2014; 53, Part B:331–338. https://doi.org/10.1016/j.
compbiolchem.2014.10.007
10. Forêt S, Wilson SR, Burden CJ. Characterizing the D2 Statistic: Word Matches in Biological Sequences.
Statistical Applications in Genetics and Molecular Biology. 2009; 8(1):1–21. https://doi.org/10.2202/
1544-6115.1447
11. Sims GE, Jun SR, Wu GA, Kim SH. Alignment-Free Genome Comparison with Feature Frequency Pro-
files (FFP) and Optimal Resolutions. Proceedings of the National Academy of Sciences of the United
States of America. 2009; 106(8):2677–2682. https://doi.org/10.1073/pnas.0813249106 PMID:
19188606
12. Leimeister CA, Morgenstern B. Kmacs: The k-Mismatch Average Common Substring Approach to
Alignment-Free Sequence Comparison. Bioinformatics. 2014; p. btu331. https://doi.org/10.1093/
bioinformatics/btu331
13. Leimeister CA, Boden M, Horwege S, Lindner S, Morgenstern B. Fast Alignment-Free Sequence Com-
parison Using Spaced-Word Frequencies. Bioinformatics. 2014; p. btu177. https://doi.org/10.1093/
bioinformatics/btu177
14. Yi H, Jin L. Co-phylog: an assembly-free phylogenomic approach for closely related organisms. Nucleic
acids research. 2013; 41(7):e75–e75. https://doi.org/10.1093/nar/gkt003 PMID: 23335788
15. Vinga S. Information Theory Applications for Biological Sequence Analysis. Briefings in Bioinformatics.
2014; 15(3):376–389. https://doi.org/10.1093/bib/bbt068 PMID: 24058049
The k-mer weighted inner product
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005727 September 5, 2017 15 / 17
16. Morgenstern B, Zhu B, Horwege S, Leimeister CA. Estimating Evolutionary Distances between Geno-
mic Sequences from Spaced-Word Matches. Algorithms for Molecular Biology. 2015; 10(1):5. https://
doi.org/10.1186/s13015-015-0032-x PMID: 25685176
17. Aflitos SA, Severing E, Sanchez-Perez G, Peters S, de Jong H, de Ridder D. Cnidaria: Fast, Refer-
ence-Free Clustering of Raw and Assembled Genome and Transcriptome NGS Data. BMC Bioinfor-
matics. 2015; 16:352. https://doi.org/10.1186/s12859-015-0806-7 PMID: 26525298
18. Fan H, Ives AR, Surget-Groba Y, Cannon CH. An Assembly and Alignment-Free Method of Phylogeny
Reconstruction from next-Generation Sequencing Data. BMC Genomics. 2015; 16(1):522. https://doi.
org/10.1186/s12864-015-1647-5 PMID: 26169061
19. Ondov BD, Treangen TJ, Melsted P, Mallonee AB, Bergman NH, Koren S, et al. Mash: Fast Genome
and Metagenome Distance Estimation Using MinHash. Genome Biology. 2016; 17:132. https://doi.org/
10.1186/s13059-016-0997-x PMID: 27323842
20. Reinert G, Chew D, Sun F, Waterman MS. Alignment-Free Sequence Comparison (I): Statistics and
Power. Journal of Computational Biology: A Journal of Computational Molecular Cell Biology. 2009;
16(12):1615–1634. https://doi.org/10.1089/cmb.2009.0198
21. Wan L, Reinert G, Sun F, Waterman MS. Alignment-Free Sequence Comparison (II): Theoretical
Power of Comparison Statistics. Journal of Computational Biology. 2010; 17(11):1467–1490. https://
doi.org/10.1089/cmb.2010.0056 PMID: 20973742
22. Allman ES, Rhodes JA, Sullivant S. Statistically-Consistent k-Mer Methods for Phylogenetic Tree
Reconstruction. arXiv:151101956 [q-bio]. 2015;
23. Ren J, Song K, Deng M, Reinert G, Cannon CH, Sun F. Inference of Markovian Properties of Molecular
Sequences from NGS Data and Applications to Comparative Genomics. Bioinformatics. 2016; 32
(7):993–1000. https://doi.org/10.1093/bioinformatics/btv395 PMID: 26130573
24. Song K, Ren J, Zhai Z, Liu X, Deng M, Sun F. Alignment-Free Sequence Comparison Based on Next-
Generation Sequencing Reads. Journal of Computational Biology. 2013; 20(2):64–79. https://doi.org/
10.1089/cmb.2012.0228 PMID: 23383994
25. Jiang B, Song K, Ren J, Deng M, Sun F, Zhang X. Comparison of Metagenomic Samples Using
Sequence Signatures. BMC Genomics. 2012; 13:730. https://doi.org/10.1186/1471-2164-13-730
PMID: 23268604
26. Cormode G, Muthukrishnan S. An improved data stream summary: the count-min sketch and its appli-
cations. Journal of Algorithms. 2004; 55(1):58–75. https://doi.org/10.1016/j.jalgor.2003.12.001
27. Zhang Q, Pell J, Canino-Koning R, Howe AC, Brown CT. These Are Not the K-Mers You Are Looking
For: Efficient Online K-Mer Counting Using a Probabilistic Data Structure. PLoS ONE. 2014; 9(7):
e101271. https://doi.org/10.1371/journal.pone.0101271 PMID: 25062443
28. Crusoe MR, Alameldin HF, Awad S, Boucher E, Caldwell A, Cartwright R, et al. The Khmer Software
Package: Enabling Efficient Nucleotide Sequence Analysis. F1000Research. 2015 https://doi.org/10.
12688/f1000research.6924.1 PMID: 26535114
29. Sims GE, Jun SR, Wu GA, Kim SH. Whole-genome phylogeny of mammals: evolutionary information in
genic and nongenic regions. Proceedings of the National Academy of Sciences. 2009; 106(40):17077–
17082. https://doi.org/10.1073/pnas.0909377106
30. Hofmann T, Scho¨lkopf B, Smola AJ. Kernel Methods in Machine Learning. The Annals of Statistics.
2008; 36(3):1171–1220. https://doi.org/10.1214/009053607000000677
31. Guennebaud G, Jacob B, others. Eigen V3; 2010.
32. Li JY, Wang J, Zeigler RS. The 3,000 Rice Genomes Project: New Opportunities and Challenges for
Future Rice Research. GigaScience. 2014; 3(1):8. https://doi.org/10.1186/2047-217X-3-8 PMID:
24872878
33. The 3,000 rice genomes project. The 3,000 Rice Genomes Project. GigaScience. 2014; 3(1):7. https://
doi.org/10.1186/2047-217X-3-7 PMID: 24872877
34. Flowers JM, Hazzouri KM, Pham GM, Rosas U, Bahmani T, Khraiwesh B, et al. Whole-Genome Rese-
quencing Reveals Extensive Natural Variation in the Model Green Alga Chlamydomonas Reinhardtii.
The Plant Cell. 2015; 27(9):2353–2369. https://doi.org/10.1105/tpc.15.00492 PMID: 26392080
35. Edwards J, Johnson C, Santos-Medellı´n C, Lurie E, Podishetty NK, Bhatnagar S, et al. Structure, Varia-
tion, and Assembly of the Root-Associated Microbiomes of Rice. Proceedings of the National Academy
of Sciences. 2015; 112(8):E911–E920. https://doi.org/10.1073/pnas.1414592112
36. Brown CT, Howe A, Zhang Q, Pyrkosz AB, Brom TH. A Reference-Free Algorithm for Computational
Normalization of Shotgun Sequencing Data. arXiv:12034802 [q-bio]. 2012
37. Zheng X, Levine D, Shen J, Gogarten SM, Laurie C, Weir BS. A High-Performance Computing Toolset
for Relatedness and Principal Component Analysis of SNP Data. Bioinformatics. 2012; 28(24):3326–
3328. https://doi.org/10.1093/bioinformatics/bts606 PMID: 23060615
The k-mer weighted inner product
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005727 September 5, 2017 16 / 17
38. McVean G. A Genealogical Interpretation of Principal Components Analysis. PLOS Genet. 2009; 5(10):
e1000686. https://doi.org/10.1371/journal.pgen.1000686 PMID: 19834557
39. Melsted P, Pritchard JK. Efficient Counting of k-Mers in DNA Sequences Using a Bloom Filter. BMC bio-
informatics. 2011; 12:333. https://doi.org/10.1186/1471-2105-12-333 PMID: 21831268
40. Salton G, Buckley C. Term-Weighting Approaches in Automatic Text Retrieval. Information Processing
& Management. 1988; 24(5):513–523. https://doi.org/10.1016/0306-4573(88)90021-0
41. Chen S, Goodman J. An Empirical Study of Smoothing Techniques for Language Modeling. In: Pro-
ceedings of the 34th Annual Meeting of the ACL; 1996. p. 310–318.
42. Leslie C, Kuang R. Fast String Kernels Using Inexact Matching for Protein Sequences. J Mach Learn
Res. 2004; 5:1435–1455.
43. Leslie CS, Eskin E, Cohen A, Weston J, Noble WS. Mismatch String Kernels for Discriminative Protein
Classification. Bioinformatics (Oxford, England). 2004; 20(4):467–476. https://doi.org/10.1093/
bioinformatics/btg431
44. Leslie C, Eskin E, Noble WS. The Spectrum Kernel: A String Kernel for SVM Protein Classification.
Pacific Symposium on Biocomputing Pacific Symposium on Biocomputing. 2002; p. 564–575.
45. Gog S, Beller T, Moffat A, Petri M. From Theory to Practice: Plug and Play with Succinct Data Struc-
tures. In: Gudmundsson J, Katajainen J, editors. Experimental Algorithms: 13th International Sympo-
sium, SEA 2014, Copenhagen, Denmark, June 29—July 1, 2014. Proceedings. Cham: Springer
International Publishing; 2014. p. 326–337.
46. Solomon B, Kingsford C. Fast Search of Thousands of Short-Read Sequencing Experiments. Nature
Biotechnology. 2016; 34(3):300–302. https://doi.org/10.1038/nbt.3442 PMID: 26854477
47. Brachi B, Morris GP, Borevitz JO. Genome-Wide Association Studies in Plants: The Missing Heritability
Is in the Field. Genome biology. 2011; 12(10):232. https://doi.org/10.1186/gb-2011-12-10-232 PMID:
22035733
48. Spindel JE, McCouch SR. When More Is Better: How Data Sharing Would Accelerate Genomic Selec-
tion of Crop Plants. New Phytologist. 2016; p. n/a–n/a
49. Ko¨ster J, Rahmann S. Snakemake—a Scalable Bioinformatics Workflow Engine. Bioinformatics. 2012;
28(19):2520–2522. https://doi.org/10.1093/bioinformatics/bts480 PMID: 22908215
50. Perez F, Granger BE. IPython: A System for Interactive Scientific Computing. Computing in Science &
Engineering. 2007; 9(3):21–29. https://doi.org/10.1109/MCSE.2007.53
51. Kluyver T, Ragan-Kelley B, Pe´rez F, Granger B, Bussonnier M, Frederic J, et al. Jupyter Notebooks—a
Publishing Format for Reproducible Computational Workflows. In: Positioning and Power in Academic
Publishing: Players, Agents and Agendas: Proceedings of the 20th International Conference on Elec-
tronic Publishing. IOS Press; 2016. p. 87.
52. Staab PR, Zhu S, Metzler D, Lunter G. Scrm: Efficiently Simulating Long Sequences Using the Approxi-
mated Coalescent with Recombination. Bioinformatics. 2015; 31(10):1680–1682. https://doi.org/10.
1093/bioinformatics/btu861 PMID: 25596205
53. Cartwright RA. DNA Assembly with Gaps (Dawg): Simulating Sequence Evolution. Bioinformatics.
2005; 21(Suppl 3):iii31–iii38. https://doi.org/10.1093/bioinformatics/bti1200 PMID: 16306390
54. Holtgrewe M. Mason—A Read Simulator for Second Generation Sequencing Data. Technical Report
FU Berlin. 2010;.
55. Jones E, Oliphant T, Peterson P. SciPy: Open Source Scientific Tools for Python; 2001–.
56. Murray K. SRApy: Pythonic Tools for Accessing the Short Read Archive. Zenodo. 2016;
57. Joshi NA, Fass JN. Sickle: A Sliding-Window, Adaptive, Quality-Based Trimming Tool for FastQ Files;
2011.
58. Hastie T, Tibshirani R, Friedman J. The Elements of Statistical Learning. Springer Series in Statistics.
New York, NY: Springer New York; 2009.
59. R Core Team. R: A Language and Environment for Statistical Computing; 2016. Available from: https://
www.R-project.org/.
60. Li H. Seqtk—Toolkit for Processing Sequences in FASTA/Q Formats; 2008. https://github.com/lh3/
seqtk.
The k-mer weighted inner product
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005727 September 5, 2017 17 / 17
Chapter 5
Global Diversity of the Brachypodium
Species Complex as a Resource for
Genome-Wide Association Studies
Demonstrated for Agronomic Traits in
Response to Climate
This chapter describes a large, collaborative project to establish the genetic resources re-
quired for genome-wide association studies (GWAS) in Brachypodium. I contributed to many
analyses and experiments presented in this article, namely: I designed and conducted the
Genotyping-by-sequencing analysis, I performed several population genetic analyses (e.g. ac-
cession clustering, LD calculation), I conducted the whole-genome genotyping experiment,
co-designed the environmental growth conditions and control software, and I assisted with
the result interpretation and writing the manuscript.
This work has been published in Genetics (2019; doi: 10.1534/genetics.118.301589). The
senior author authorises the inclusion of this manuscript in my thesis.
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ABSTRACT The development of model systems requires a detailed assessment of standing genetic variation across natural
populations. The Brachypodium species complex has been promoted as a plant model for grass genomics with translation to small
grain and biomass crops. To capture the genetic diversity within this species complex, thousands of Brachypodium accessions from
around the globe were collected and genotyped by sequencing. Overall, 1897 samples were classified into two diploid or allopolyploid
species, and then further grouped into distinct inbred genotypes. A core set of diverse B. distachyon diploid lines was selected for
whole genome sequencing and high resolution phenotyping. Genome-wide association studies across simulated seasonal environ-
ments was used to identify candidate genes and pathways tied to key life history and agronomic traits under current and future climatic
conditions. A total of 8, 22, and 47 QTL were identified for flowering time, early vigor, and energy traits, respectively. The results
highlight the genomic structure of the Brachypodium species complex, and the diploid lines provided a resource that allows complex
trait dissection within this grass model species.
KEYWORDS population genetics; climate change; agronomic traits; climate simulation; genome-wide association studies; ecogenomics; Brachypodium
distachyon; genotyping; plant physiology
CLIMATE change is impacting the production of foodworldwide (Wheeler and von Braun 2013), and increas-
ing global demandwill soon outstrip the rate of improvement in
crop yield by traditional breedingmethods (Ray et al. 2013). To
address food and climate security, there is a need for agricultural
innovation across a range of scientific disciplines, fromgenomics
to phenomics in new species across the landscape (Rivers et al.
2015). Breeding formore variable future climates, and for broad
adaptability, requires an understanding of the plasticity of the
genetic architecture of agronomic traits across environments.
The use of dynamic climate chambers, that can mimic regional
diurnal and seasonal climate types (Brown et al. 2014), allows
us to examine the genetic architecture underlying complex
adaptive traits across field-like environments.
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Three complex traits that have a large impact on yield are
ear emergence, early vigor, and energy use efficiency. The
timingof ear emergence is crucially important to yield inmany
grain-growing regions, including Australia, where early flow-
ering may lead to cold-induced sterility, while late flowering
may result in heat stress or lack of water-limiting grain filling.
Early vigor, defined as an increase in the above-ground bio-
mass prior to stem elongation, is a beneficial trait in many
environment types, especially when combined with increased
transpiration efficiency (Condon et al. 2004). Since vapor pres-
sure is low in winter, increased biomass during early growth
improves plant water use efficiency. Early vigor also increases
competition against weeds, reduces soil evaporation and may
improve yields by increasing total seasonal biomass (Wilson
et al. 2015a). Energy use efficiency is a relatively understudied
component of plant growth that represents the efficient transfer
of energy, acquired through photosynthesis, to the grain, and
may significantly affect yield. Early studies indicate that energy
efficiency, via lower respiration rates, is correlated with an in-
crease in biomass in monocot species (Wilson and Jones 1982;
Winzeler et al. 1988). Identification of the genetic architecture
of energy use efficiency, timing of heading, and early vigor traits,
as well as the genetic sensitivity to future temperature profiles,
could accelerate breeding in crop species via selection for im-
proved predicted yields in the future.
Genome-wide association studies (GWAS) combine dense
genetic markers, identified via next-generation sequencing
and high-throughput phenotyping, to identify the causative
alleles and to predict complex quantitative traits (Atwell et al.
2010). The improvement of crop yield involves many com-
plex traits, and the expression of these traits can be highly
dependent on the growth environment. GWAS is an excellent
method for mapping and predicting yield-related traits and
their interaction with the environment. GWAS has been un-
dertaken in a number of crop species; for dozens of agro-
nomic traits in diploid species such as rice, barley, and corn
(for review, see Huang and Han 2014), and has even be used
reasonably successfully in wheat despite the added complex-
ity of a hexaploid genome (e.g., Sukumaran et al. 2014).
Brachypodium distachyon is a model species for temperate
C3 grass crops such as wheat, barley, rye, and oats as it is also
located in the Pooideae family and has a number of advan-
tageous characteristics as amodel species (Draper et al. 2001;
Garvin et al. 2008; Mur et al. 2011; Brutnell et al. 2015). B.
distachyon also has a number of advantages over the related
domestic Pooideae for a GWAS approach as it is a wild species
with a wide climatic distribution, resulting in diverse pheno-
types, as well as wide genomic diversity, for traits involved in
life strategy and abiotic stress tolerance. B. distachyon has a
small, fully sequenced genome of 270 Mb (The International
Brachypodium Initiative 2009) compared to the 16 Gb of
wheat (The International Wheat Genome Sequencing Con-
sortium 2017) or 5.1 Gb of barley (The International Brachy-
podium Initiative 2009). It also contains a low percentage of
repetitive noncoding DNA at 21.4% of nucleotides compared
to .80% in wheat (Wicker et al. 2011) and 84% in barley
(The International Barley Genome Sequencing Consortium
2012). This means that sequence reads from B. distachyon
are much easier to identify and align compared to wheat,
with a larger proportion of the sequencing providing useful
reads. Finally, and perhaps most importantly, the short stat-
ure of B. distachyon allows large numbers of plants to be
taken through full life cycles in controlled growth conditions.
Brachypodium is widespread throughout temperate re-
gions, including its native Mediterranean range and intro-
duced range in Australia, South Africa, and the western
United States (Vogel et al. 2009; Wilson and Jones 2015).
A large number of accessions have been collected throughout
the world by the Brachypodium community, but the use of
these collections in genomic association studies has been
delayed by the cryptic nature of the Brachypodium species
complex. The three species in this complex are difficult to
distinguish in the field and include the diploid B. distachyon,
the diploid B. stacei, and the allotetraploid B. hybridum,
which contains one B. distachyon-like genome and one
B. stacei-like genome (Hasterok et al. 2004; Catalán et al.
2012; Idziak et al. 2014). To add to the complexity, there is
evidence of distinct subgroups of B. distachyon (Hasterok
et al. 2004; Catalán et al. 2012; Idziak et al. 2014; Tyler
et al. 2016). While the genome of the Bd21 reference geno-
type of B. distachyon was published in 2010, the genome of
B. stacei and other SNP corrected genomes were released
online in 2016 (DOE-JGI, http://phytozome.jgi.doe.gov/).
Recently, a B. distachyon pan genome was published identi-
fying geographic diversity andmany new genes not identified
in the initial reference (Gordon et al. 2017). Prior to our
study, species identification has commonly been undertaken
by morphoanatomical classification, a small number of
markers, or cytology (e.g., Hasterok et al. 2004; The Interna-
tional Wheat Genome Sequencing Consortium 2017). There
is a need for a rapid identification of species, subgroup, and
genotype lineages within the Brachypodium species complex
to aid the selection of HapMap sets, and to enable landscape
genomic studies of migration and adaptation.
In this study, we aimed to (1) characterize the species,
genotype, and population structure of a Brachypodium global
diversity set to select a core haplotype mapping set for GWAS
in B. distachyon and (2) identify the genetic architecture and
plasticity of the agriculturally relevant traits of heading date,
early vigor, and energy use efficiency in response to climate.
Materials and Methods
Genotyping by sequencing and species identification
Genotyping by sequencing (GBS) was undertaken as de-
scribed by Elshire and colleagues (Elshire et al. 2011) using
PstI enzyme and a library of homemade barcoded adaptors
(see https://github.com/borevitzlab/brachy-genotyping; Morris
et al. 2011;Nicotra et al. 2016). Approximately 384 sampleswere
multiplexed to run on a single lane in an Illumina HiSeq
2000 with a median number of 564,000 100-bp read pairs
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per sample (https://github.com/borevitzlab/brachy-genotyping).
Sequencing runs were undertaken by the Biomolecular Re-
source Facility [The John Curton School of Medical Research
(JCSMR), Australian National University (ANU)].
Axe (Murray and Borevitz 2018) was used to demultiplex
sequencing lanes into libraries, allowing no mismatches.
AdapterRemoval (Schubert et al. 2016) was used to remove
contaminants from reads, and merge overlapping read pairs.
Reads were aligned using BWAMEM (Li 2013; Li and Durbin
2009) to the Bd21-3 (B. distachyon) and ABR114 (B. stacei)
reference genomes (Phytozome v.12.1), and to a B. hybridum
pseudoreference genome created by concatenating the B.
stacei and B. distachyon reference genomes (Supplemental
Material, File S1). Variants were called using the multiallelic
model of samtools mpileup (Li 2011) and bcftools call
(Danecek et al. 2016). Variants were filtered with bcftools
filter, keeping only SNPs of reasonable mapping and variant
qualities ($10) and sequencing depth across samples ($5
reads across all samples).
To determine the species of each of the accessions, we
computed the proportion of each chromosome in the B.
hybridum pseudoreference covered with at least three
reads, excluding reads that mapped to multiple locations
in the pseudoreference, using mosdepth (Pedersen and
Quinlan 2017). The proportions of the B. distachyon/B.
stacei genomes covered were normalized to be in [0, 1],
and then used to assign samples into threshold groups:
B. stacei (,0.03), intermediate B. stacei/B. hybridum
(,0.28), B. hybridium (,0.34), intermediate B. hybridum/
B. distachyon (0.94), and B. distachyon (.0.94); an addi-
tional group consisted of low coverage samples (,100,000
reads in total). Samples from intermediate and low coverage
groups were excluded, and only variants in the respective
genomes were used to allocate the three species groups.
Population structure of B. distachyon
To determine the population structure of B. distachyon, a
pairwise identity-by-state (IBS) genetic distance was calcu-
lated to identify, among 490 high-quality samples, a core di-
versity set of 72 distinct genotypes using 82,800 SNPs
derived from GBS data and the SNPRelate package using a
z-score of 3.5. Occasionally, when genotypes are closely re-
lated, noise between technical replicates of an accession will
result in them being split across the related genotypes. There-
fore, we keep replicate(s) from the genotype with the major-
ity of replicates for that accession, breaking ties by keeping
the replicate with the lowest missing data. In addition, 29 ac-
cessions whose geographic origin was suspect were also
excluded.
To avoid bias from including up to 30 inbred accessions of
the same genotype, a reduced set was input into STRUCTURE
V.2.3.4 (Evanno et al. 2005). A total of six replicates were run
of population (K) 1–13 with a burn-in setting of 10,000 sets,
and 100,000 permutations per run (Figure 1B and File S3).
The optimal K was determined as K= 3 by Evanno’s Delta K,
processed via Structure Harvester and CLUMPP (Evanno
et al. 2005, Jakobsson and Rosenberg 2007; Earl and von-
Holdt 2012). Barplots and pie charts were generated via
inhouse developed R scripts available through github (https://
github.com/borevitzlab/brachy-genotyping-notes).
For B. distachyon, the pairwise distance between geno-
types was also calculated in R and plotted as a dendrogram
(File S2). From this, a set of 107 accessions were selected to
represent the genotypic diversity of the species for whole
genome sequencing (WGS) tomaximize SNP coverage across
the genome.
Whole genome sequencing
For WGS, sequencing libraries for individual samples were
prepared from 6 ng genomic DNA with the Nextera DNA
Library Prep kit (Illumina, San Diego, CA). Libraries were
enriched and barcoded with custom i5-, and i7-compatible
oligos and Q5 High-Fidelity DNA Polymerase (NEB, Ipswich,
MA). Libraries were pooled and sequenced in one lane on a
NextSeq 500 sequencer (Illumina).
Trimit (Murray and Borevitz 2017)was used to cleanWGS
reads of adaptors, and merge overlapping read pairs. BWA
MEMwas then used to align these reads against the Bd21-1
reference genome (version 314_v3.1; The International
Brachypodium Initiative 2009). Variants were called us-
ing freebayes (Garrison and Marth 2012) with default
parameters. Variants were filtered such that only vari-
ants meeting the following criteria were kept: variant
quality .20, minor allele frequency $2%. Heterozygous
variant calls were changed to missing; due to the inbred
nature of these accessions, heterozygous calls were almost
certainly erroneous (https://github.com/borevitzlab/brachy-
genotyping).
Linkage disequilibrium (LD) was calculated across the
B. distachyon genome using consecutive windows of 2000
SNPs from the whole genome data of the HapMap 74 set
(http://github.com/borevitzlab/brachy-genotyping-notes).
Plant growth
Individual grain of each genotypewas planted 2.5 cmdeep in
square plastic pots (5 cm width, 8 cm deep) in a mix of
50:50 soil:washed river sand that had been steam pasteur-
ized. Pots were then placed at 4 in the dark for 3 days to
stratify the seed before being moved to specially modified
climate chambers (see Garrison andMarth 2012). Accessions
were organized in a randomized block design, in trays of
20 plants. The chambers have been fitted with seven LED
light panels and are controlled to change the light intensity,
light spectrum, air temperature and humidity every 5 min.
Seasonal changes in climatic conditions and photoperiod
were modeled using SolarCalc software (Spokas and Forcella
2006). The Wagga Wagga region is centered on  235S,
147E with an elevation of 147 m. Plants were fertilized with
Thrive (N:P:K 25:5:8.8 + trace elements, Yates) and watered
with tap water as needed. Growth stages were recorded
based on the Huan developmental stage (Haun et al. 1973)
up until stem elongation and thereafter the Zadoks scale was
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used. Total leaf area was measured with a Li-1300 Area Me-
ter (Li-COR). For dry weight, leaf tissue was dried in a paper
envelope at 60 for 5 days before weighing.
Conversions of phenotypic data
Thermal timewascalculated fromthe loggedconditionwithin
each chamber with the following formula:
If Temp: 1.2C; then TT 2 ¼ TT 1þ ½ðTemp: 222Þ
3DTime ð22 1Þ
where TTi is accumulated thermal time at a particular time-
point i, and Temp.i is the air temperature at a particular time-
point i.
Photothermal units (PTU) were calculated using the
logged data from a photosynthetically active radiation
(PAR) sensor in the middle of the chamber and the following
formula:
ðPTUÞ 1 ¼ ðTTÞ 13 ðPARÞ 1
where TT is the accumulated thermal time at timepoint i and
PAR is the measured photosynthetically active radiation at
timepoint i.
Growth rates (GR) were calculated as:
GR ¼ ½ðDGSÞ ðT 2ð2TÞ 1Þ½DðTimeÞ ððT 22TÞ 1Þ
where GS is the Huan growth stage and T1 was about one
leaf for the initial linear growth stage (GR1), T1 was about
one leaf and three leaves, and the faster growth stage
(GR2) between three leaves and five leaves. The Phyllach-
ron interval, the time taken to grow one leaf, was calcu-
lated as:
Phyllachron Interval ¼ ðT 22TÞ eðGSÞ 2
where T2 is the unit of time at about the three-leaf stage and
Te is the unit of time at seedling emergence for that particular
plant. GS2 is the Huan growth stage at T2.
Final growth efficiency was calculated when plants
reached ear emergence. The final growth efficiency 1 was
calculated as:
Final growth efficiency 1 ¼ðBiomass at ear emergence ðgÞÞ=
ðDThermal timeÞ
where accumulated thermal time is calculated from seedling
emergence to ear emergence. The final growth efficiency
2 was calculated as:
Final growth efficiency 2 ¼ðBiomass at ear emergence ðgÞÞ=
ðDPhotothermal unitsÞ
where accumulated photothermal units is calculated from
seedling emergence to ear emergence.
Energy use efficiency traits
Energy use efficiency traits were measured on plants from
the 2015–2050 Temperature experiment at a four- to five-leaf
stage. Photosynthetic parameters were measured using a Tray-
scan system (PSI) incorporating pulse amplitude modifica-
tion (PAM) chlorophyll fluorescence measures of quantum
efficiency (Rungrat et al. 2016). The parameters measured in-
cluded photosynthetic efficiency, nonphotochemical quench-
ing and photo-inhibition. See File S2 for protocol.
Dark respiration rate was measured using the Q2 system
(Astec Global) as in Scafaro et al. (2017). In brief, this system
uses an oxygen-sensitive fluorescent dye embedded in a cap
to monitor the oxygen depletion with a tube containing the
sample. A 3 cm fragment in the center of the last fully ex-
panded leaf of each plant was used to measure dark respira-
tion per unit area and per unit dry mass.
Several energy use efficiency formulas were calculated. These
included a ratio of dark respiration to photosynthesis, and mea-
sures of growth per unit dark respiration. These were as follows:
Energy use efficiency 1 ¼ 12 ðrespiration per unit areaÞ=
ðaverage photosynthetic efficiencyÞ
Energy use efficiency 2 ¼ ðseedling heightÞ=
ðrespiration per g dry weightÞ
Energy use efficiency 3 ¼ ðleaf #3 lengthÞ=
ðrespiration per g dry weightÞ
Energy use efficiency 4 ¼ ðseedling heightÞ=
ðrespiration per unit areaÞ
Heritability
Broad-sense heritability was calculated from the phenotype
data using the nlme package in R.
GWAS analysis
In preparation for GWAS, the genotype data were filtered to
remove nonvariant SNPs and redundant SNPs (i.e., SNPs
whose genotypes are not different from adjacent SNPs but
have more missing data points). Then, SNPs with a minor
allele frequency of ,3% were filtered out. As there was
18.5% missing data in the original data set, imputation was
undertaken. First, if the observed genotypes of two adjacent
SNPs were not different, then the missing genotype of one
SNPwas replaced by the observed genotype of the other SNP.
Second, the nearest neighbor (NN)methodwas implemented
to impute the remaining missing genotypes based on Huang
et al. (2010) with some modifications. The nearest 50 SNPs
from each side of the SNP under imputation were selected to
estimate similarity between each pair of accessions, and then
the missing genotype of an accession was replaced by the
observed majority genotype of the closest five accessions.
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These parameters were determined by simulations to achieve
an optimal imputation success rate, which was 97.95% for our
data. Finally, SNPs with a minor allele frequency ,5% were
filtered. For the phenotype data, the average value for the four
replicates of each accession was calculated.
Linear mixed-effect models were employed to identify
genetic variants underlying phenotypes of interest
y ¼ xbþ zg þ uþ e
where y = (y1, y2, . . .. . .., yn)’ denotes phenotypic values, x =
(xij)nx(k+1) represents intercept and k covariates (if any) with
effects b, z is a vector of the coded genotypes at a scanning
locus with effect g, u = (u1, u2, . . .. . ., un)’ represents poly-
genic variation, and e= (e1, e2, . . .. . ., en) the residual effect.
It was assumed that u  N(0, Ks2g), e  N(0, I2) and u was
independent of e. The genetic relationship matrix K was es-
timated by IBS from genotypic data with markers on the
chromosome under scan being excluded to avoid proximal
contamination (Listgarten et al. 2012; Cheng et al. 2013).
Estimation of K and genome scan were performed in R pack-
age QTLRel (Cheng et al. 2011).
Todeterminea significance threshold, thepermutation test
was implementedon1000permutations of the phenotypedata
to estimate the genome-wide significance threshold at 0.05 for
the trait of days to ear emergence. The significance threshold
was determined to be a LOD (logarithm of odds) of 4.43583.
Data availability
GBS and whole genome sequence data are available in the
sequence read archive at NCBI, BioprojectID PRJNA505390.
Supplemental Figures and tables are available in FigShare.
Supplementalmaterial available at Figshare: https://doi.org/
10.25386/genetics.7345160.
Results
Cryptic Brachypodium species, diverse genotypes, and
population structure identified using GBS
To establish a diverse set of germplasm, thousands of
Brachypodium accessions were collected on trips to south-
west Europe, south-eastern Australia, the western USA, and
through collaborations with the international Brachypodium
community (https://github.com/borevitzlab/brachy-genotyping/
blob/master/metadata/brachy-metadata.csv). Out of these, 1968
accessions were grown to produce single-seed descent lines
in the greenhouses at the ANU for subsequent genomic anal-
ysis. A reduced representation approach, PstI digest, GBS was
used to genetically profile the accessions.
Although once described as a single species, B. distachyon
has more recently been shown to exist as a species complex
consisting of a 5 chromosome B. distachyon, 10 chromosome
B. stacei, and a 15 chromosome allopolyploid B. hybridum
(Catalán et al. 2012). To categorize each accession in-
to species within the Brachypodium complex, GBS tags
were mapped to a merged reference genome consisting
of B. distachyon (Bd21-3) and B. stacei (ABR114) (v1.1
DOE-JG, https://phytozome.jgi.doe.gov). Most accessions
were readily distinguished as having reads that aligned
to either or both reference genomes (see Materials and
Methods; File S1). The majority of accessions, 56% (1100/
1968), were identified as B. hybridum. In contrast, only 3%
(60/1968) were classified as B. stacei, while 35% (698/1968)
were B. distachyon. The remaining 6% (110/1968) could not be
definitively assigned. Mapping of the accessions’ geographic lo-
cations showed that B. hybridum has expanded across the
globe, representing essentially all the collections outside the
native range (Figure 1A). Conversely, B. distachyon is largely
limited to the native Mediterranean and Western Asian re-
gions, with B. stacei in the same area, but less common.
Due to the highly selfing nature of all Brachypodium spe-
cies, we next sought to categorize accessions into unique
whole genome genotypes representing a single inbred line-
age. Of the 698 accessions identified as B. distachyon,
490 could be reliably genotyped at 81,400 SNPs. We used
the SNPRelate package (Zheng et al. 2012) to cluster these
490 accessions into 72 genotypes (seeMaterials andMethods;
https://github.com/borevitzlab/brachy-genotyping-notes; File
S2). Recombinant inbred lines, included as positive controls,
were often called as unique genotypes as expected, but were
excluded from subsequent analysis of natural population
structure.
Whole genome variation
One or two accessions of each unique genotype was selected
for further analysis. Whole genome sequencing was per-
formed on this set of 107 B. distachyon accessions to deter-
mine high density variation at multiple levels, patterns of LD,
and to enable GWAS. We identified 2,648,921 SNPs present
in at least two accessions. Due to the high inbreeding and
clonal family structure observed (File S4), we sought to select
a representative accession from each inbred family, reducing
107 accessions to 63 highly diverse genotypes.
Previous genetic analysis on smaller data sets had shownB.
distachyon to have substantial population structure, forming
three groups representing ancestral structure in the Mediter-
ranean region (Filiz et al. 2009; Vogel et al. 2009; Tyler et al.
2016; Gordon et al. 2017; Marques et al. 2017). To reduce
data complexity, SNPswere subsampled to every 100th site to
create a final SNPmatrix of 26,490 variants that were fed into
STRUCTURE v.2.3.4 (Pritchard et al. 2000; File S3). STRUC-
TURE analysis identified three main subgroups among B.
distachyon genotypes and seven admixed lines (Figure 1B).
The yellow lineage was the most diverged and represents
subgroup B, with the brown and red structure groups repre-
senting the two populations of the A subgroup, split predom-
inantly as an East and West population. Our STRUCTURE
clustering is largely consistent with previous results on a
smaller, partially overlapping sets of accessions (see Figure
4 of Tyler et al. 2016; Gordon et al. 2017). To visualize the
geographic distribution, the ancestral group composition was
summed across accessions for each geographic site (Figure
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1C). The single B. distachyon accession fromAustralia, WLE2-
2, was nearly identical to BdTR9f (GBS data, File S2) from
southern western Turkey, fromwhere it may have originated.
It is shown in its ancestral location (Figure 1C, arrow).
Although there were only three accessions in the B sub-
group, they diverged from the A subgroup with fixed differ-
ences at 6.5% of sites. By comparison, fixed divergence
between the two clear subpopulations within the A subgroup
was 1.5%. Finally, accessions within the same unique geno-
typedivergedatbetween0.1and0.4%ofSNPs.Abalanced set
of representative accessions across the genotype lineages
within just the A subgroup was selected for further genomic
and phenomic analysis (File S4).
LD was calculated for consecutive windows of 2000 SNPs
across the genome. There was large variation in LD, as the
distance of decay to half maximal r2, across the genome (File
S5) with the median LD 113 kb (50–235 kb interquartile
range) and the maximum .2.4 Mb.
Determining the traits and climatic conditions for GWAS
in B. distachyon
For our GWAS study, we wanted to identify high-throughput
nondestructive phenotypic measures with high heritabil-
ity. We also wanted to determine the best environmental
conditions to characterize our traits of interest. Hence, two
preliminary experiments were undertaken, one for flowering
time and one for early vigor.
Flowering time was chosen as an ideal trait for GWAS as it
has high heritability in many species including Arabidopsis
(Brachi et al. 2010) and barley (Maurer et al. 2015). Previous
studies of B. distachyon revealed that the dependence of
flowering time on vernalization and photoperiod varies be-
tween accessions (Higgins et al. 2010; Ream et al. 2014;
Bettgenhaeuser et al. 2017; Woods et al. 2017). This study
aimed to identify QTL for earliness per se in flowering, i.e.,
those responsive to the accumulation of thermal time. Hence,
a preliminary experiment was undertaken to determine if our
conditions couldmeet the vernalization requirements of all B.
distachyon accessions, and to determine which accessions
had strong vernalization requirements in our conditions. To
do this, 266 diverse A- and B-subgroup accessions, with five
accessions replicated five to six times, were grown in both a
simulated Winter sowing, starting June 1, and a Spring sow-
ing, starting September 1, in Wagga Wagga, NSW, Australia
(File S6). Ear emergence was monitored as a surrogate mea-
sure for flowering time, as flowering occurs largely within the
ear in B. distachyon so is hard to accurately record (File S7).
Out of the 266 accessions, there were 17 accessions that did
Figure 1 Distribution and genomic diversity of the B. distachyon complex. (A) Geographic distribution of 1858 Brachypodium complex accessions,
classified by species: pink = B. distacyhon, blue = B. stacei, and purple = B. hybridum. (B) Population structure of the 63 diverse B. distachyon genotypes,
K = 3. The three structure groups correspond to the B subgroup of B. distachyon (yellow), and the eastern (brown) and western (red) Mediterranean
populations of the A subgroup of B. distachyon; and (C) geographic structure of B. distachyon across Iberian Peninsula and Turkish region. Proportions
of pies represent the number of each B. distachyon subgroup (from B) at each site. The arrow from (C) to (A) shows the Australia B. distachyon (WLE2-2)
and the near-identical accession from Turkey (BdTR9f).
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not flower in the Spring condition, indicating a strong
vernalization requirement (File S8A). All lines flowered in
the Winter condition, indicating that night temperatures of
4 were sufficient to meet vernalization requirement. As
expected, days to ear emergence showed a strong heritability
in the Winter condition, as calculated from the replicated
lines (H2 = 0.96). The thermal time to flowering was calcu-
lated to determine the dependence of flowering on the accu-
mulation of thermal time. The fast cycling accessions, which
did not require vernalization, still required a larger thermal
time accumulation than the vernalization requiring acces-
sions (File S8B). This indicates that these either have some
low-level requirement for vernalization that is not being fully
met in the Spring condition, or that the photoperiod is also a
factor in this relationship. As this study aimed to identify QTL
for earliness per se in flowering, i.e., those responsive to the
accumulation of thermal time, we attempted to exclude ver-
nalization and photoperiod effects by focusing on the Winter
condition for the GWAS experiment.
In temperate grass crops such as wheat and barley, early
vigor can result in an increased yield in short seasons, or in
seasons where there is high rainfall (reviewed inWilson et al.
2015c). Often, the dimensions of seedling leaves are mea-
sured as a nondestructive surrogate measure for early vigor
(Rebetzke and Richards 1999; Wilson et al. 2015b). To con-
firm that this was also an appropriate surrogate measure for
early vigor in B. distachyon, a highly replicated (n = 10)
validation experiment was performed on six diverse B. dis-
tachyon lines (File S9A) in a simulated Wagga Wagga, sea-
sonal climate starting on September 1 (Spring). After
7 weeks, when plants had between four and five mainstem
leaves, the dimensions of leaf #3, seedling height, total leaf
area, and above-ground dry weight were measured and phe-
notypic correlations were calculated (File S9B). Broad sense
heritability was also calculated to determine which early
vigor trait would provide the most power for mapping QTL
with GWAS (File S9C). Leaf #3 width and length correlated
well with above-ground biomass (r2 = 0.46, P , 0.01, and
r2 = 0.48, P , 0.01, respectively) and had quite high her-
itabilities of H2 = 0.60 and H2 = 0.64, respectively, as
compared to above ground dry mass, H2 = 0.51. Interest-
ingly, seedling height also had a strong correlation with
above ground biomass (r2 = 0.74, P , 0.01) with a heri-
tability of H2 = 0.74. However, this trait was also more
highly correlated with developmental stage, as indicated by
the number of leaves (r2 = 0.21, P , 0.01), than the di-
mensions of leaf #3. To get the most direct measure of early
vigor, without the influence of developmental stage, the di-
mensions of leaf #3 were chosen as the focus for the GWAS.
Selection of global HapMap set
High-level population structure confounds GWASwhen there
are few segregating SNPs in common between ancestral
groups relative to variation within each subgroups (Brachi
et al. 2011). Here, we focused on subgroup A, which contains
a majority of unique genotypes, resulting in a HapMap set of
74 genotypes. Within the A subgroup there is still clear pop-
ulation structure, but further subset selection would limit
both the sample size and the phenotypic and genotypic di-
versity, reducing the rate of true positive results. This residual
relatedness between lines was accounted for by including a
kinship matrix in the GWAS model.
Early vigor and ear emergence show genotypic
variation in response to different
simulated environments
Todetermine the genetic architecture for ear emergence date,
early vigor, and a range of other agronomic traits (see
Materials and Methods), the refined and balanced HapMap
set of 74 B. distachyon accessions (File S10), with four bi-
ological replicates, were grown in two simulated conditions
in climate chambers (Brown et al. 2014). To determine the
effect of an increase in temperature in line with climate
change predictions on the traits of interest, the conditions mod-
eled a present (2015, Figure 2A) and a future (2050, Figure 2B)
temperature profile at Wagga Wagga, NSW, Australia. The ap-
propriate increase in average maximum and minimum temper-
ature for each month were determined using an average of
12 global climate change models determined to be high confi-
dence for south east Australia using the Climate Futures Tool
(Figure 2C; Wilson et al. 2015a; File S11).
As expected, the accessions developed quicker and grew
larger in the 2050 temperature profile (Figure 2, A andB) as is
consistent with a quicker accumulation of thermal time (Fig-
ure 2D). Early vigor parameters and energy use efficiency
traits were measured when the majority of plants were at a
four-leaf stage. Growth stages, tiller numbers and ear emer-
gence dates were monitored twice a week (File S12–S14).
The experiment ceased after 200 days of growth, at which
time there were five and seven lines that did not flower in the
2015 condition and 2050 conditions, respectively. The
remaining lines reached ear emergence at a similar number
of days in both the present and future conditions (Figure 2E).
However, when converted to thermal time, those lines in the
2015 temperature condition required less thermal time than
those in the 2050 temperature condition (Figure 2, D and F).
This indicates that there is generally more dependence on
photoperiod in this population than on thermal time to trig-
ger the transition to flowering. There was variation between
genotypes in the plasticity of their response to the two con-
ditions (Figure 2, E and F), indicating that it would be worth-
while mapping the genotype by environment interaction
(G 3 E).
Determining the genetic architecture of early growth,
ear emergence, and energy use efficiency traits in
response to environment
GWASwere performed on raw and derived traits as described
in the Materials and Methods (Figure 3 and File S15 and File
S16). All GWAS data are publicly available and traits are
genome browseable online at https://easygwas.ethz.ch/gwas/
myhistory/public/17/. For ear emergence, eight significant
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Figure 2 Differential growth of B. distachyon under current and future climate growth temperatures. Climate chambers were used to compare the
response of agronomic traits to small change in the climate for a Winter sowing in the Wagga Wagga region, south-eastern Australia. The GWAS
HapMap set were grown in (A) 2015 temperature climate and (B) a 2050 temperature climate. Photos show representative plants after 16 weeks of
growth. Climate chambers were programmed to have (C) diurnal and seasonal changes in temperature resulting in different rates of accumulation of
thermal time (D) in the 2015 and 2050 climates. Timing of ear emergence was compared between chambers for both (E) days to ear emergence and (F)
the accumulation of thermal time to ear emergence, demonstrating G 3 E interactions.
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QTL were identified. EarEmerg_QTL4.2 explains 62% of the
phenotypic variation in thermal time to ear emergence in
the 2015 temperature condition, while two QTL, EarEmerg_
QTL3.1 and EarEmerg_QTL5.3, explain 56 and 10%, re-
spectively, of the phenotypic variance in thermal time to
ear emergence in the 2050 temperature condition. No
QTL were found to be significant in both conditions but
EarEmerg_QTL5.3 was significant in the 2050 tempera-
ture condition and was just under the significant thresh-
old in the 2015 temperature condition (Figure 4A and File
S17). Within the 100 kb region of this SNP there are
15 genes, several of which could be relevant to the regu-
lation of flowering, including a YABBY transcription fac-
tor (Bradi5g16910), a no apical meristem (NAM) protein
(Bradi5g16917), and an expressed gene containing a
RNA recognition motif (Bradi5g16930). Interestingly,
there were two QTL that were significant for thermal
time to ear emergence, EarEmerg_QTL3.1 and EarEmerg_
QTL4.2, but not for days to ear emergence. There were six
QTL identified for the G 3 E interaction, explaining, in
Figure 3 Summary of QTL for each trait under current and future climate growth temperatures. A total of 73 significant QTL were identified for a range
of agronomic traits phenotyped in the 2015 temperature and 2050 temperature climates and the G 3 E interaction. There was little overlap between
QTL for different traits but two robust QTL were identified in both environments while 16 QTL were identified for a G 3 E interaction. G 3 E, genotype
by environment interaction; EarEmerg, ear emergence; TT, thermal time; PTU, photothermal units; L3Width, leaf 3 width; L3Length, leaf 3 length; GR,
growth rate; GR, growth rate; EV, early vigor; phyll, phyllacron interval; AvgQY, average quantum yield; DM, dry mass; EUE, energy use efficiency
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part, the variation among lines in response to future
climate.
For early vigor, 22 significant QTL were identified for five
traits across the two climate conditions (File S15). Two QTL
were identified in both conditions, EarlyVigour_QTL1.1 and
EarlyVigour_QTL3.1, and both of these were for leaf #3
length. The 100-kb region surrounding these QTL contained
19 and 13 genes, respectively (Figure 4, B andC). Therewas a
highly significant QTL on chromosome three for growth rate
1, EarlyVigour_QTL3.3, ameasure of the rate of development
of the seedling at the two leaf stage, but only in the 2015 tem-
perature condition. The 100-kb region surrounding this
QTL contained 13 genes (File S18). A total of six QTL were
identified for the G3 E interaction across the two conditions
for early vigor traits.
For the energy use efficiency traits, a total of 47 QTL were
identified across the two conditions for the three measured
traits and four derived traits (File S15). Of these QTL, none
were found in both environments. However, a strong QTL,
Energy_QTL3.3, was identified for average quantum yield, a
measure of photosynthetic efficiency, in the 2015 temperature
environment. The 100-kb region around this QTL contained
24 genes including a low PSII accumulation three chlo-
roplastic protein (Bradi3g01550), a Heat Shock Protein
(Bradi3g01477) and several transcription factors (Figure 4D
and File S19).
Figure 4 Putative candidate genes for QTL of key interest. (A) The ear emergence QTL, EarEmerg_QTL5.3, was significant for days to ear emergence in
the 2050 temperature condition and only just under the significance threshold for the 2015 condition. Likely candidate genes include a YABBY
transcription factor Bradi5g16910. (B) The early vigor QTL, EarlyVigour_QTL1.1 for leaf #3 length was found to be significant in both conditions. This
region contains an ethylene sensitive transcription factor, Bradi1g00666. (C) The early vigor QTL, EarlyVigour_QTL3.1 was also identified for leaf #3
length in both environments. (D) A strong QTL was identified for photosynthetic efficiency, Energy_QTL3.2, which was significant only in the 2015 tem-
perature condition. Likely candidate genes include a heat shock protein, Bradi3g01477, and a Low PSII Accumulation 3 (LPA3) protein, Bradi3g01550.
Locus identifiers in red represent these candidate genes.
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Discussion
Thanks to the international Brachypodium community, in ad-
dition to our own collections, here we were able to provide
the most comprehensive survey of Brachypodium species
complex diversity to date. With 1968 accessions across the
globe this is a .10-fold increase from previous studies (Filiz
et al. 2009; Tyler et al. 2016).
Since being described as three separate species in 2012
(Catalán et al. 2012), species identification in the Brachypodium
species complex has been achieved by morphology, PCR of a
select set of markers or DNA barcoding (e.g., Rebetzke et al.
1999a; Wilson et al. 2015b). Here, we present a unique system-
aticmethod of determining the species of an accessionusing low
coverage GBS and bioinformatics, providing a high-throughput
and low-cost alternative for species identification. We found
that the majority of our accessions were B. hybridum (56%),
including the vast majority of accessions in Australia and North
America (Figure 1A). Thewide dispersion of this speciesmay be
due to the benefit of the multiple genomes resulting from poly-
ploidization (te Beest et al. 2012). There were relatively few B.
stacei (3%), which were limited to the Mediterranean region
(Figure 1A).
Within B. distachyon itself, we found significant popula-
tion structure, including high level subgroup splits, with
6.5% of SNPs diverged between subgroups, which is greater
than that found between indica and japonica rice at 1.4%
divergence (Ma and Bennetzen 2004). While many previous
studies have focused on individual regions (Filiz et al. 2009;
Marques et al. 2017), the collection of 490 diverse B. dis-
tachyon accessions genotyped at 81,400 high quality SNPs
presented here has allowed us to further distinguish groups
with the B. distachyon subgroups, with an eastern and west-
ern European group in each subgroup. A number of geo-
graphically diverse highly related genotypic lineages were
also identified, which showed within-lineage divergence of
between 0.1 and 0.4% of SNPs. The geographic spread of
these lineages highlights the inbreeding nature and high dis-
persal ability of B. distachyon.
The hierarchical levels of genetic variation within the
Brachypodium species complex can be attributed to allopoly-
ploidization and subspeciation, possibly during the most re-
cent ice age; east/west IBD in Europe; and the high levels of
self-fertilization in the species (Wilson et al. 2015a). These
levels of population structure have been seen in Arabidopsis
(Atwell et al. 2010), and other highly selfing plant species
such as barley (Wang et al. 2012), but are more extreme in
Brachypodium. In rice, either the indica sub-species (Huang
et al. 2012) or japonica subspecies (Yano et al. 2016), have
been separately used for GWAS. Similarly, to deal with the
population structure in this study, the HapMap set was lim-
ited to the A subgroup of B. distachyon with remaining re-
latedness included in the GWAS analysis using mixed models
(Cheng et al. 2011).
The lack of recombinant genetic diversity with subgroup
and populations of B. distachyon also limits the power of
GWAS analysis. The HapMap set contains a large amount
of genomic diversity (.1% of bases are variable) but the
sample size is low and the extent of LD is high, limiting map-
ping resolution. However, the patterns are similar to rice
where GWAS is very effective as sample size increases
(Huang and Han 2014). The construction of a Nested Asso-
ciation Mapping (NAM) population for B. distachyon would
be advantageous to break-up the population and familial
lineages, and to increase the frequency of minor alleles. This
has been a successful approach in other species such as maize
and wheat (Tian et al. 2011; Bajgain et al. 2016). Neverthe-
less, our set of lines and genomic data available in easyGWAS
are an important resource for the community to map the ge-
netic basis of various complex traits in this emerging model
grass species. The small stature and rapid generation time
of Brachypodium makes it especially useful for high through-
put assays of phenomic traits across a range of controlled
conditions.
In field conditions, determining the relationship between
variousphysiological traitsand their impactonyield isdifficult
due to seasonal environmental variability and the presence of
a range of abiotic and biotic stresses. However, experiments in
growthchambersoftenhave little relevance tofieldconditions
due to the unrealistic and static nature of the conditions. By
using dynamic growth conditions, which mimic regional cli-
mates, we can avoid the stochastic downsides of field exper-
iments while providing results arguably more translatable to
the field (Brown et al. 2014; Poorter et al. 2016). The use of
climate chambers also allows the impact of small changes in
climate to be observed, and the dissection of which compo-
nents of the climate have the largest influence on a trait of
interest. In this study, we examined the effect of an increase
in temperature in line with climate change model predictions
for 2050 in south eastern Australia. Unexpectedly, there was
generally a short delay of flowering time in the 2050 temper-
ature condition, with variation in the extent of delay in
different genotypes, while there was little dependence of
flowering on the accumulation of thermal time. This suggests
that there may be some vernalization requirements in B. dis-
tachyon that are not being met in the 2050 temperature con-
dition. The lack of vernalization is also evident in the fact that
seven lines had not flowered by the end of the 2050 temper-
ature condition, while five lines did not flower in the
2015 temperature condition. While this GWAS analysis
did not identify known flowering time loci that regulate ver-
nalization-induced flowering such as VRN1, VRN2, and FT
(Woods et al. 2014; Bettgenhaeuser et al. 2017), the QTL
may represent more subtle vernalization processes that
would be important for facultative varieties. Perhaps largely
to the difference in growth conditions, the QTL in this study
did not overlap with those found in a previous GWAS of
flowering time (Tyler et al. 2016); this may also be an exam-
ple of the Beavis effect (Xu 2003). Candidate genes iden-
tified for flowering time here included several transcription
factors, including a YABBY transcription factor under
EarEmerg_QTL5.3. The closest rice ortholog, Os04g45330,
Brachypodium Climate Adaptation Genomics 327
to this YABBY transcription factor is most highly expressed
in the shoot apical meristem and developing inflorescence
(Rice Gene Expression Atlas), while the closest Arabidopsis
ortholog, At2g45190, is involved in regulation of the floral
morphology (Lu et al. 2007). This EarEmerg_QTL5.3 was
significant in the 2050 temperature conditions and was
only just below the significance threshold in the 2015 tem-
perature condition (Figure 4A).
Early vigor is an important trait in many parts of Australia
and the rest of the world, where there is competition from
weeds and a shorter season. Despite the highest correlating
nondestructive measure of early above ground biomass being
seedling height, the most robust QTL across environments
were actually identified by leaf#3 length. TwoQTL identified
for leaf #3 length were identified in both environments,
indicating they could potentially be useful for breeding for
early vigor in multiple environment types. One of these,
EarlyVigour_QTL1.1 is located in anarea of synteny to other
areas where early vigor QTL have been identified at the end
of chromosome 3 in rice (Lu et al. 2007; The Interna-
tional Brachypodium Initiative 2009; Singh et al. 2017)
and Chromosome 4 in wheat (Rebetzke et al. 2001).
Within EarlyVigour_QTL1.1 there is a candidate gene,
Bradi1g00666, that is described as an ethylene-responsive
transcription factor. The main candidate gene in the QTL
on chromosome 3 in rice was also an ethylene responsive
gene (Singh et al. 2017). The EarlyVigour_QTL3.1 for leaf
#3 length was also found to be significant across both en-
vironments. There were no obvious candidate genes for
this QTL, but a number of signaling proteins that could
be involved in molecular control of leaf size (Figure 4C
and File S18).
Thebalanceofenergyproductionanduse inplants ishighly
linked to the conditions that the plant is grown under; how-
ever, genetic variation controlling the energy efficiency of
plants could beused to increase yield potentials. The quantum
yield is an indicator of photosynthetic efficiency, the propor-
tion of energy harvested through the light-harvesting com-
plexes that goes toward producing photosynthates (Rungrat
et al. 2016). No QTL were identified in common across both
environments, but there were 11 QTL that were identified for
the G 3 E interaction. This may be due to the sensitivity of
these energy processes to the subtle difference in environ-
ments or a result of beingmeasured on different days to allow
comparison of plants at the same developmental stage. A
strong QTL was identified for quantum yield, a measure of
the efficiency of Photosystem II (PSII), in the 2015 climate
but, interestingly, not in the 2050 climate. Candidate genes
under this QTL included a gene with 66% homology to the
Low PSII Accumulation 3 (LPA3) gene in Arabidopsis, which
has been shown to be important in PSII assembly (Lu 2016).
Further studies into the importance of this QTL in different
conditions, as well as the other photosynthesis and respira-
tion QTL, would be worthwhile.
In conclusion, the Brachypodium species complex is
heavily structured at the ploidy, subgroups, population, and
family levels. This limits the ability to identify the genetic
basis of adaptation as relatively few recombinant genotypes
were obtained. Despite these limitations, this study indicates
the potential to use Brachypodium distachyon, a model for
Pooideae grass crops, to identify genetic variation in key
pathways underlying agricultural traits through GWAS.
Further wild collections and/or the development of NAM
populations could address the limitation of recombinant ge-
notypes and result in very high power mapping population
typical of 1000 genome projects. As it now stands,
Brachypodium is a goodmodel for both polyploidization, with
likely multiple events among small divergent genomes, and
for invasion biology with multiple widespread genotypes
identified across continents, regions, and sites.
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Chapter 6
Landscape drivers of genomic diversity
and divergence in woodland eucalypts
This chapter describes my recent work on the landscape drivers of genetic diversity in two
species of woodland eucalypt, Eucalyptus albens and Eucalyptus sideroxylon. We found high ge-
netic diversity, low differentiation between localities, no strong discrete population structure,
and moderate to strong isolation by distance and environment. I performed and interpreted
the analyses I present here (including creating bespoke analysis software and pipelines), and
wrote the manuscript. My co-authors contributed significantly to sample collection, creation
of sequencing libraries, and interpretation.
This work will soon be submitted to Molecular Ecology and biorXiv, and will be pre-
sented at the Eucalyptus Genomics 2019 conference. The author list will be: Kevin Murray,
Jasmine Janes, Helen Bothwell, Ashley Jones, Rose Andrew, Justin Borevitz.
71
6.1 Abstract
Spatial genetic patterns are influenced by numerous factors, and they can vary even among
coexisting, closely related species due to differences in dispersal and selection. Eucalyptus
(L’Héritier 1789; the “eucalypts”) are foundation tree species that provide essential habitat
and modulate ecosystem services throughout Australia. Here we present a study of landscape
genomic variation in two woodland eucalypt species, using whole genome sequencing of
388 individuals of Eucalyptus albens and Eucalyptus sideroxylon. We found exceptionally high
genetic diversity (pi≈ 0.05) and low genome-wide, inter-specific differentiation (FST = 0.15).
We found no support for strong, discrete population structure, but found substantial support
for isolation by geographic distance (IBD) in both species. Using generalised dissimilarity
modelling, we identified additional isolation by environment (IBE). Eucalyptus albens showed
moderate IBD, and environmental variables have a small but significant amount of additional
predictive power (i.e., IBE). Eucalyptus sideroxylon showed much stronger IBD, and moderate
IBE. These results highlight the vast adaptive potential of these species, and set the stage for
testing evolutionary hypotheses of interspecific adaptive differentiation across environments.
6.2 Introduction
In wild species, and especially plants, genetic variation is inherently spatial: individuals occur
at specific locations, and allele frequencies differ across the landscape as a result of variation
in demographic history, patterns of gene flow, and heterogeneous selection pressures. Land-
scape genomics is the study of the geographic distribution of alleles within a species and the
underlying processes that shape gene flow. By interrogating spatial genetic patterns, we may
examine the historical drivers of local genetic isolation and potential adaptation, and use this
knowledge to better manage species under a changing environment (Hoffmann et al., 2015).
A multitude of processes may drive the spatial patterns of genetic diversity within and
between species. Individuals may cluster into discrete genetic groups, with reduced gene flow
between subpopulations relative to within. There are many potential causes of such discrete
structure, for example geographic barriers to gene flow or flowering time divergence. Individ-
uals may also exhibit patterns of continuous isolation by geographic distance (IBD; Wright,
1943) or isolation by environment (IBE; Wang and Bradburd, 2014). IBD is indicated by a
positive correlation between increasing genetic dissimilarity and geographic distance, and is
observed when individuals are more likely to reproduce with geographically-proximate indi-
viduals. IBE is indicated by a correlation between genetic dissimilarity and environmental
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dissimilarity, while controlling for IBD. IBE can have many causes, for example environmen-
tal effects on phenology altering flowering time, or impeded dispersal between habitats due
to maladaptation to local conditions. Any of these three patterns of genetic isolation over
the landscape (discrete structure, IBD, or IBE) may occur within a given species. Impor-
tantly, these patterns describe genome-wide phenomena, and while they may be influenced
or initially generated by selection on adaptive alleles, their detection is not evidence of local
adaptation. While factors affecting dispersal, such as landscape resistance (Spear et al., 2010;
Wang and Bradburd, 2014; Zeller et al., 2012), may vary across the landscape, much can be
learned by applying these global, homogeneous, dissimilarity-based methods for studying
IBD and IBE, particularly when integrated with tests of discrete genetic structure.
The processes that influence spatial autocorrelation of allele frequencies require sophisti-
cated statistical methods to disentangle. Continuous isolation by distance can lead to support
for discrete population structure in analysis with genetic clustering methods like STRUC-
TURE and ADMIXTURE (Frantz et al., 2009). However, recent methodological develop-
ments now allow joint estimation of IBD and discrete structure (conStruct; Bradburd et al.,
2017). Spatial autocorrelation of environmental variables makes disentangling their effects
from IBD challenging, and older methods like partial Mantel tests are beset with several flaws
(e.g., assumption of linearity, high Type I error rate; Guillot and Rousset, 2013). Generalised
dissimilarity modelling (GDM; Ferrier et al., 2002, 2007) is a method which can accurately
discriminate the geographic and environmental contributions to genetic differentiation, even
where effects are non-linear. Equally important is the selection of variables appropriate to
one’s study system: Williams et al. (2012) propose a comprehensive variable set and variable
selection methodology specifically for ecological models of habitats. However sophisticated
the methods used to detect isolation by environment, it is a pattern affecting the genomic
background. Locally adaptive loci should stand out above this background and could be
identified subsequently via a genome scan.
Genus Eucalyptus (L’Héritier; the “eucalypts”) is a speciose lineage of trees and large
shrubs that includes the keystone species of many Australian habitats. Box-gum grassy wood-
lands are one such habitat, and while once common in southeastern Australia, their conver-
sion to agricultural land has reduced their range significantly (NSW Scientific Committee,
2002). We sought to examine spatial genetic patterns in two foundation species of these grassy
woodlands, Eucalyptus albens (Benth.; “white box”) and Eucalyptus sideroxylon (A. Cunn. ex
Wools; “mugga ironbark”). The prevalence of discrete population structure, IBD and/or
IBE has been studied in several eucalypt species (e.g. Andrew et al., 2005, 2007; Jones et al.,
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2007; Jordan et al., 2017; Rutherford et al., 2018; Steane et al., 2006, 2015, 2014; Supple et al.,
2018). Although eucalypts have very limited seed dispersal, they generally preferentially out-
cross and are pollinated by generalist bird and insect pollinators, both of which contribute to
their spatial genetic structure (Booth, 2017; Potts and Gore, 1995; Williams and Woinarski,
1997). Spatial genetic autocorrelation is strong within populations, but tends to be weak at
larger scales; for example, isolation by distance between localities is only apparent between
localities separated by more than 500 km in E. melliodora (Supple et al., 2018). While many
studies have tested for and found discrete genetic structure (e.g. in E. globulus; Steane et al.,
2006), strong discrete genetic structure uncorrelated with geography has been reported less
commonly in widespread eucalypt species (e.g. in E. salubris; Steane et al., 2015). In any case,
given the likely conflation of IBD and discrete population structure by traditional genetic
clustering methods (Bradburd et al., 2017; Frantz et al., 2009), the relative extent of IBD and
discrete structure remains an open question in many species. Correlation between genetic
variation and environment has been observed in many forms, including IBE (e.g. Supple et
al., 2018) and genotype-environment associations (e.g. Jordan et al., 2017; Dillon et al., 2014;
Steane et al., 2017a, 2017b, 2014).
We aimed to determine the relative influence of the various factors contributing to
landscape-scale spatial genetic patterns in E. albens and E. sideroxylon. The large estimated
census sizes (González-Orozco et al., 2016) of both species led us to predict that these species
would exhibit high genetic diversity. The reproductive ecology and extensive latitudinal
geographic ranges of these species, and previous results for closely related species, led us to
expect weak patterns of IBD and little discrete population structure orthogonal to IBD in
both these species. Given gene-environment associations observed in closely-related species,
we also predicted that isolation by environment would be observed, particularly associations
between genetic distance and variables describing the availability of and demand for moisture
and nutrients. To test these hypotheses, we generated whole-genome sequence data for 215
and 173 individuals of E. albens and E. sideroxylon, respectively. We quantified intraspecific
genetic variation across the landscape, determined the extent of both continuous isolation
by distance and isolation by environment, and assessed discrete population structure
independent of IBD.
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6.3 Methods
6.3.1 Study system
The genus Eucalyptus (L’Héritier 1789; the “eucalypts”) is described as a highly speciose lin-
eage of trees and large shrubs within familyMyrtaceae. Of themore than 800 described species
(Nicolle, 2018; Pryor and Johnson, 1971) that have evolved over the last 70 My (Thornhill et
al., 2015), nearly all are endemic to the Australian continent, with a small number of species
occurring in Indonesia and New Guinea. Here we focus on two woodland eucalypt species.
Eucalyptus albens and E. sideroxylon are from different series (Buxeales and Melliodorae, re-
spectively) within Eucalyptus section Adnataria. They are morphologically distinct, differing
in bark type (box vs ironbark) and flower size and colour (E. sideroxylon larger, sometimes
pink-red pigmented; Brooker and Kleinig, 2006; Boland et al., 2006; Costermans, 1983). Both
generally occur inland of the Great Dividing Range, with E. sideroxylon’s range extending fur-
ther inland, while E. albens extends further south and has disjunct populations in southeast
Victoria and South Australia (see fig. 6.1). While both species have discontinuous distribu-
tions, partly as a result of post-European land clearing, E. sideroxylon’s distribution is believed
to have been more discontinuous pre-colonisation (Costermans, 1983). Despite their largely
sympatric distributions, there appears to be some niche specialisation between these species,
with E. albens occupying more fertile soils, and E. sideroxylon preferring drier, well-drained,
more gravelly soils (Boland et al., 2006; Costermans, 1983; Harden, 2000). Despite their clas-
sification into different series, there is evidence of ongoing gene flow between these species,
with reports of hybrid zones (Pryor, 1953), as is common in Eucalyptus generally, and espe-
cially in section Adnataria (Griffin et al., 1988).
6.3.2 Data acquisition
Samples used in this study were collected from naturally occurring trees of the tar-
get species throughout southeastern Australia. Leaf tissue and fruit were collected
from between 3 and 15 trees from each location, across 39 distinct locations (fig. 6.1).
Sample identifiers, GPS locations, and additional metadata are presented online
(https://doi.org/10.6084/m9.figshare.7583291.v1). Sampling was performed between
2015 and 2017, primarily by Dr Jasmine Janes. Samples of species other than E. albens
and E. sideroxylon that appear in Figure 6.3 are part of the same larger study, and will
be desribed in a separate paper to be published imminently. Leaves were dried on silica
gel, and 20-30 3 mm leaf hole punches were taken for DNA extraction (Harris Uni-Core
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WB100039). Hole punches were added to 1.1 mL mini-tubes (Axygen Scientific) with a
3mm ball bearing, frozen under liquid nitrogen, and ground for 2 min using a TissueLyser
(Qiagen). DNA extraction was performed using a 96-well column based kit, Invisorb DNA
Plant HTS 96 Kit/ C 96 well purifications (Stratec Molecular 7037300400). The protocol
was performed following the manufacturer’s instructions, except for the lysis incubation,
which was extended from 1 hour to 2 hours.
Multiplexed, short-read, whole-genome shotgun DNA sequencing libraries were gener-
ated using a cost-optimised, transposase-based protocol ( Jones et al., 2018). Briefly, fluoro-
metric DNA quantification was performed using a Quant-iTTM high sensitivity dsDNA assay
kit (Molecular ProbesTM Q33120). DNA was diluted to 2 ng/µL, quantified again and then
diluted to 0.8 ng/µL, normalising concentrations across all samples. Then, 3 µL of each
sample (2.24 ng) was transferred to a new plate with a small quantity of a NexteraTM tag-
ment DNA enzyme (Illumina catalogue #15027865) to add adapters (tagmentation). This
reaction was optimised to be 1/25th of manufacturer’s protocol, to save reagents and increase
throughput. Custom index primers were used to amplify the libraries during 13 cycles of
PCR (primer sequences provided in Jones et al., 2018). Libraries were purified and size-
selected with a combination of bead- and electrophoresis-based methods, selecting fragments
with insert sizes between 200 and 500 bp. These purified libraries were sequenced on a variety
of Illumina platforms, with most libraries sequenced on multiple runs across both NextSeq
500 and NovoSeq 2000 instruments at the Biomolecular Resource Facility, ANU, and the
Ramaciotti Center, UNSW. Multiple runs were pooled by sample to obtain sufficient cov-
erage. Library preparation was performed primarily by Dr Ashley Jones and Dr Norman
Warthmann.
6.3.3 Alignment and polymorphism detection
Sequencing yielded between 3 Gbp and 10 Gbp per sample, pooled across all sequencing runs
(see fig. 6.2). Raw sequence data was quality filtered using AdapterRemoval (Schubert et al.,
2016), removing adaptor sequences, trimming low-quality (<Q25) sub-sequences, and merg-
ing overlapping read pairs. We used BWA MEM version 0.7.15 (Li, 2013; Li and Durbin,
2009) to align short reads using default alignment parameters to the Eucalyptus grandis refer-
ence genome (genome size 640Mbp), with an assembled E. grandis chloroplast added to the
nuclear genome assembly (HM347959; Paiva et al., 2011). Across all samples, 90% percent
of reads were aligned to the E. grandis reference, with an average alignment mismatch rate
of 4.8%. Both read mapping and alignment mismatch rates suggest a reference bias between
76
Species
E. albens
E. sideroxylon
Figure 6.1: Focal species occurrence records and sampling localities. Geolocated
occurrence records (±1 km accuracy) for E. albens and E. sideroxylon obtained from
the Atlas of Living Australia are overlain on amap of southeastern Australia. Sampling
localities used in this study are indicated by large triangles.
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Figure 6.2: Whole genome sequencing yield and alignment statistics. A) Post-QC
raw sequencing yield in bases, showing most samples yielded between 3 Gbp and 10
Gbp. B) E. grandis genome coverage (total sum of aligned bases). C) Read alignment
rate, D), proportion of aligned bases which do not match the E. grandis reference
genome. Overall, we have consistent, moderate coverage (median 5.2-fold), although
both read mapping and alignment mismatch rates suggest a reference bias between
species (with E. sideroxylon appearing less distant).
species (with E. sideroxylon appearing less distant).
We detected short genomic variants using an efficient pipeline implementing the variant
calling models contained in FreeBayes (Garrison and Marth, 2012) and bcftools mpileup
(Li, 2011). As these tools are not internally parallelised, and the volume of data generated in
this project was very large, I developed a genomic region-parallelised system pipeline around
these software. Briefly, this pipeline performs variant calling on each 100 kbp region of the
E. grandis reference genome in parallel across hundreds of CPUs at once, before merging the
candidate variants discovered in each region into a genome-wide variant set. This variant
set was then normalised with bcftools norm (Li, 2011), block substitutions were decom-
posed to single nucleotide polymorphisms (SNPs) using vt decompose_blocksub (Tan et
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al., 2015), and filtered with bcftools filter. We discarded variants with quality less than
10, fewer than five reads in total across all alleles in all samples, and fewer than three reads
supporting the alternate allele across all samples. In total, we discovered 132 million putative
variants, of which 55 million were common (>10% minor allele frequency) SNPs within at
least one species.
While many analyses require knowledge of exact genotypes for each sample, some meth-
ods (e.g. ANGSD; Korneliussen et al., 2014) are able to represent uncertainty in individ-
ual genotypes through subsequent analyses. Given our low sequencing coverage, individual
genotypes may have higher error than we desire, particularly in detecting heterozygosity. To
address these concerns, we used ANGSD (Korneliussen et al., 2014) to detect putative vari-
ants, and to calculate genotype likelihoods at each variable site. ANGSD considered loci only
if there were >10 reads at a SNP (summed across at least 10 samples with data), considered
reads only if they had a mapping quality >30, considered bases within reads only if they
had a base quality score >20, and removed variants with a minor allele frequency <2%,
with fewer than three reads supporting the alternate allele, or if the p-value of the likelihood-
ratio test of non-zero minor allele frequency (i.e. test of polymorphism) was >10−3. Indel
and block-substitution variation is not considered by ANGSD. We used a region-parallel ap-
proach similar to that used in variant calling to accelerate this computation. In total, ANGSD
detected 55 million polymorphisms (variants with >= 10% minor allele frequency) across
our samples.
From ANGSD likelihoods, we calculated several population genetic statistics. A two-
dimensional site-frequency spectrum (SFS) between all E. albens and E. sideroxylonwas calcu-
lated with realSFS (Nielsen et al., 2012), then estimated genome-wide FST between E. albens
and E. sideroxylon using this two-dimensional SFS as a prior (see Supplementary fig. 6.15).
Using ngsDist (Fumagalli et al., 2014), we calculated inter-sample genetic distances for all
samples that clustered into the two main species groups (based on kWIP distances). We
estimated inter-sample covariance using PCAngsd (Meisner and Albrechtsen, 2018). We
calculated Euclidean distances from PCAngsd covariances using the Gower transformation
(Di j =Ci i +C j j − 2Ci j ; Gower, 1985).
We implemented all steps in the above pipeline as a generic, modular workflow using the
Snakemake workflow manager (Köster and Rahmann, 2012). Snakemake allows parallelisa-
tion of variant calling across genomic regions in a way that is abstracted from the execution
environment. Project and cluster specific configuration of this pipeline is separate to pipeline
code, allowing easy adaptation to other systems and datasets. In fact, this pipeline has sub-
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sequently been used in at least three additional projects (wheat, tomato, and potato popula-
tion genomics). This pipeline and associated scripts are open source, and available online at
https://github.com/kdmurray91/euc-dp14-workspace.
6.3.4 Population genetic analysis
We performed kmer-based exploratory genetic analysis, to confirm sample identities and
guide subsequent analyses. Genetic distances were estimated using kWIP, a kmer-based esti-
mator of genetic distance described in Chapter 4 (and Murray et al., 2017). We first counted
21-mers in unaligned, quality trimmed sequencing reads, after pooling all reads for each sam-
ple into one file. We estimated inter-sample genetic distances using theweighted inner product
metric implemented in kWIP, as it showed highest performance at low coverage (see Chapter
4). Distances were estimated on each data subset (all 10 Adnataria species, both E. albens
and E. sideroxylon, and E. albens and E. sideroxylon separately) to allow subset-specific weight-
ing. We visualised these exploratory analyses using both hierarchical clustering (hclust) and
classical multidimensional scaling (cmdscale) in R 3.4 (R Core Team, 2018). In addition to
kmer-based estimates of genetic distance, we visualised the sample covariance (or genomic re-
lationship matrix) as estimated by PCAngsd in a similar fashion, and compared these results
visually.
To examine within-locality diversity, a variety of population diversity metrics were em-
ployed. We calculated Nei’s sample-size corrected gene diversity (or expected heterozygosity,
He =
2N
2N−1
1−p2l −q2l
L ; Nei and Roychoudhury, 1974), using per-locality allele frequencies calcu-
lated from expected genotypes by PCAngsd. Additionally, we calculated gene diversity for
all pairs of sampling locations, by considering all individuals from both localities of a pair as a
single site (equivalent to gene diversity in a sample-size weighted mean of allele frequencies).
We displayed these measures of intra- and inter-location genetic diversity by plotting location
estimates on a map of south-eastern Australia using ggmap and Stamenmap layers (Kahle and
Wickham, 2013).
Traditional model-based genetic clustering methods like STRUCTURE (Pritchard et al.,
2000) and ADMIXTURE (Alexander et al., 2009) were designed to detect discrete population
structure, therefore they may perform poorly for continuously distributed natural popula-
tions in which isolation by distance is the primary driver of genetic structure (Frantz et al.,
2009). ConStruct addresses this limitation by jointly modeling the effects of both contin-
uous isolation by distance and discrete population structure on inter-sample relationships
(Bradburd et al., 2017). As we expected continuously distributed landscape features to con-
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tribute to inter-sample genetic distances, we used conStruct to simultaneously test for discrete
and continuous population structure. We used per-locality allele frequencies calculated from
PCAngsd expected genotypes. We tested two distinct models separately for E. albens and E.
sideroxylon, using the cross-validation approach implemented in conStruct: a model similar
to that used by STRUCTURE, and one allowing for isolation by distance within genetic
clusters (‘layers’). Layer contributions were calculated for all cross-validation runs. To test
for recent admixture between E. sideroxylon and E. albens, we used conStruct directly on the
estimated genotypes, again performing cross-validation and calculating layer contributions.
We estimated the distribution of genome-wide linkage disequilibrium by calculating inter-
SNP correlations and modeling correlation decay as a function of chromosomal position.
Using the BoringLD R package (https://github.com/kdmurray91/boringld), we first calcu-
lated pairwise r 2 among SNPs in 30 kbp genomic windowswith an overlap of 10 kbp between
adjacent windows from FreeBayes-called variants. Then, we fitted analytical models of the
decay of r 2 as a function of inter-SNP base pair distance to determine the recombination rate
(ρ), using formulae derived by Hill and Weir (1988). The base pair distance to half-maximal
r 2 was also calculated for each window. Window estimates of both ρ and half-maximal r 2
were summarised across all genome windows.
6.3.5 Landscape genomic analyses
We used Generalised Dissimilarity Modelling (GDM) to test for isolation by distance with-
out assuming a linear relationship between geographic and genetic distance using the gdm R
package (Manion et al., 2018). Using genetic distances derived from PCAngsd covariance,
we modeled genetic distance as a function of geographic distance within each species. We
calculated geographic distances between samples with earth.dist from the fossil R package
(Vavrek, 2011). Models were constructed using individual-level genetic and geographic dis-
tances, using three I-spline knots. Only distance pairs with a geographic distance greater than
10 kilometers (i.e. inter-location pairs) were considered. For each model, we examined the
robustness of spline fits using jackknifing with 100 replicates. For each jackknife replicate, we
removed all samples from a random 10% of sampling locations and fitted the GDMmodels as
before. To perform cross-validation of each model, we partitioned data into training and test
sets comprising 90% and 10% of sampling locations, respectively. We then computed cross-
validation accuracy as the correlation between actual genetic distances for all distances for
the 10% test data partition, and the corresponding distances predicted using a GDM model
trained on samples from the 90% training data partition.
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To assess isolation by environment, we first selected potentially relevant environmental
variables based on a general methodology described byWilliams et al. (2012). Variable values
were extracted using the Atlas of Living Australia’s (ALA) Spatial Portal (“Atlas of Living
Australia,” 2018). To determine which variables to include in models of IBE, we first per-
formed forward selection within each category: Water, Energy, and Soil (see Supplementary
tbl. 6.2). We excluded terrain and geoscientific variables, as these processes vary over finer spa-
tial scales than our aggregated sampling resolution. In each forward selection run, we started
with a GDM model of genetic distance as a function of geographic distance, and proceeded
by adding the variable that, when included, increased the proportion of deviance explained
by the model by the largest amount. We terminated this process when no variable could ex-
plain at least 1% of additional deviance. We then combined forward-selected variables across
all categories into a candidate GDM model. To assess how representative our sampling was
of each species’ range, we compared distributions of each environmental variable from our
sampling locations to distributions for ALA observation records for each species.
To refine candidate GDM models, and assess the importance and significance of con-
stituent variables, we performed backward selection using the gdm.VarImp function in the
GDM package (Ferrier et al., 2007; Manion et al., 2018), with 100 permutation replicates
for each step. For both species, the inflection point in decreased model deviance explained
resulted in five variables retained for the final model (Supplementary fig. 6.12). We then
assessed the consistency of spline fits using the jack-knifing approach described above.
These new functions for variable selection and cross-validation are available as an R package
(https://github.com/kdmurray91/gdmhelpers).
6.4 Results
6.4.1 Population genetic variation
After filtering unsupported or singleton variants, we discovered over 100 million candidate
variants (varying slightly between software tools; Supplementary tbl. 6.1). This equates to
about 1/6th of all positions in the E. grandis reference genome. Of these candidate variants,
around 40% were not segregating (<10% minor allele frequency) in either E. albens and E.
sideroxylon. Of the remaining approximately 60 million variants, over half were segregating
in both species, with 22% private to E. albens and 23% private to E. sideroxylon (Supplemen-
tary tbl. 6.1). ANGSD estimated inter-species genome-wide FST between E. albens and E.
sideroxylon to be 0.15; global intraspecific FST was 0.018 in E. albens and 0.017 in E. sideroxy-
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lon.
Using kmer-based estimators of genetic distance, we estimated genome-wide differentia-
tion within the Adnataria. A principal component analysis (PCA) on kWIP distance esti-
mates showed four clusters corresponding to taxonomic series. In some cases, species formed
discrete subgroups within series, though in many cases species clusters overlapped somewhat
(fig. 6.3); within-series divergence between species varies. Hierarchical clustering of kWIP
distances showed similar patterns. The two focal species of this study formed clearly distinct
clusters, as expected (Supplementary fig. 6.13).
Eucalyptus albens and E. sideroxylon had high genetic diversity. Expected heterozygosity
within sampling locations ranged between 0.2 and 0.3 for both species, with E. sideroxylon
having slightly lower mean location-level diversity, particularly in northern localities. Both
species exhibited high species-wide genetic diversity (E. sideroxylon He = 0.25, pi = 0.053; E.
albens He = 0.26, pi = 0.056). Background linkage disequilibrium (LD) decayed rapidly in
both species (Supplementary fig. 6.11). The median base-pair distance to half-maximal r 2 in
E. albens was 92 bp (IQR 47-219 bp), while LD extended slightly further in E. sideroxylon
(median 113 bp; IQR 55-264 bp).
6.4.2 Spatial genetic diversity and structure
In general, genetic diversity was spread evenly over the range of our sampling in both species
(fig. 6.4). Both pi and He are almost equal across all locations sampled in E. albens, while
genetic diversity in E. sideroxylon declined very slightly in locations toward the north of our
sampling. Similarly, expected heterozygosity and pi among samples at pairs of locations were
uncorrelated with pairwise geographic distance (Supplementary fig. 6.14).
6.4.3 No discrete but continuous population structure
Neither E. albens or E. sideroxylon exhibited strong signs of discrete population structure in a
PCA of intra-sample genetic covariance as estimated by PCAngsd (fig. 6.5). Leading principal
component axes explained little of the overall genomic variance between samples (0.8% and
0.6% in E. albens, 3.6% and 1.0% in E. sideroxylon). In each species, the leading principal
component axis was correlated with latitude, suggesting isolation by geographic distance (E.
albens r 2 = 0.92, p < 0.0001; E. sideroxylon r 2 = 0.87, p < 0.0001).
Joint estimation of continuous isolation by distance and discrete population structure
indicated both species likely form single, continuous populations, with clinal structure influ-
enced by strong IBD. When accounting for IBD in conStruct, cross-validation of conStruct
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Figure 6.3: Intra- and inter-series genomic divergence. Principal coordinates analy-
sis was performed on distances calculated using kWIP directly on short reads without
alignment to a reference. Broadly, all samples from across five series in Adnataria
form four clusters, corresponding to series-level divergences. Two series form a single
cluster, Rhodoxlyon, and Siderophloiae; recent taxonomies reclassify E. caleyi within
Siderophloiae (Nicolle, 2018). Within-series divergence between species varies. In-
dividuals’ species are denoted using the first three letters of species names: alb - E.
albens, cal - E. caleyi, con - E. conica, cre - E. crebra, fib - E. fibrosa, leu - E. leucoxy-
lon, mel - E. melliodora, mic - E. microcarpa, mol - E. mollucana, pol - E. polyanthemos,
pop - E. populnea, sid - E. sideroxylon, tri - E. tricarpa. Samples appearing far from their
species/series clusters likely represent eithermisidentification or samplemislabels, and
were excluded from subsequent analyses.
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Figure 6.4: Geographic surface of genetic diversity superimposed on a map of
southeastern Australia. Annotations describe species (s: or a: for E. sideroxylon and
E. albens respectively) and the number of individuals per locality.
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Figure 6.5: Principal component analysis (PCA) of E. albens and E. sideroxylon
individual genotypes. Axes describe eigendecomposition of PCAngsd estimates of
sample covariance. Individuals are coloured by latitude, the primary axis of variation
in species’ distributions. Insets show the distribution of leading eigenvalues. Note the
absence of strong discrete clusters, the strong trend in PC1 across latitude, and the low
proportion of genetic variance explained by each leading axis.
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models suggested either one or two populations in both species (fig. 6.6). In models with two
population layers, the second layer contributed very little additional predictive accuracy. The
second layer in such models had no strong signal of IBD. This second layer could describe a
small contribution of inter-species introgression to extant genetic diversity, or could repre-
sent “homogeneous minimum layer membership”, an artifact produced by conStruct when
there are significant levels of missing data (Bradburd et al., 2017). ConStruct models that
did not allow continuous isolation by distance required at least two populations to achieve
similar predictive accuracy (fig. 6.6).
Interspecific gene flow
We detected signals suggesting ongoing inter-species gene flow. Six samples were intermedi-
ate between E. albens and E. sideroxylon, being both intermediate in PCA (Supplementary
fig. 6.13), and having interspecies admixture proportions between 30% and 70% (Supple-
mentary fig. 6.16). Two of these samples were identified as putative hybrids in the field.
Mantel tests of inter-species distance pairs showed weak but statistically significant correla-
tion between genetic distance and geographic distance, indicating that co-located E. albens
and E. sideroxylon had lower genetic distance than geographically distant samples. This pat-
tern could be due to inter-series gene flow, and is not predicted by incomplete lineage sorting,
but could also be caused by certain demographic histories (e.g., expansion from shared an-
cestral refugia). Individual admixture proportions estimated by conStruct models supported
the status of these six samples as recent hybrids (Supplementary fig. 6.16). Additionally, con-
Struct models suggested a variable, small proportion (between 0% and 10%; Supplementary
fig. 6.16) of admixture from E. albens to E. sideroxylon (or vice versa). Additionally, more than
half of all variants that were common in either species were common in both species (Supple-
mentary tbl. 6.1). These results concur with ABBA-BABA-based formal tests of admixture
conducted in an as-yet-unpublished sister study ( J. Janes, pers. comm.).
6.4.4 Isolation by distance and environment
Isolation by distance was moderately strong and largely linear in both species. Using gener-
alised dissimilarity modelling (GDM) to model genetic distance as a function of geographic
distance, we found E. albens to have moderately strong, almost linear IBD, with models ex-
plaining approximately 26% of overall deviance (P < 0.001; fig. 6.7). Meanwhile, E. siderox-
ylon exhibited very strong IBD, with models explaining 78% of overall deviance (P < 0.001;
fig. 6.7). The relationships described by the best fit splines were robust to the removal of 10%
87
Figure 6.6: Cross-validation of conStruct models of continuous and discrete pop-
ulation structure. A) Model cross-validation error, means ± SD. B) Layer contribu-
tion to model explanatory power within each model with “# Layers”. Non-spatial:
construct models that do not account for IBD, Spatial: construct models that allow
for IBD within each population layer. Plots rows are for datasets with all localities
across both E. albens and E. sideroxylon (“both”) or within each species.
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Figure 6.7: Geographic GDM show strong isolation by distance. GDM model
splines (blue) and jackknife replicate splines (grey) that best describe the association
between geographic distance and genetic distance in each species. Geography-only
GDM models explain 26% of model deviance in E. albens, and 78% in E. sideroxylon.
IBD appears to have an approximately linear trend in E. albens, while the strength of
IBD increases for E. sideroxylon localities separated by more than 500 km.
of the sampling locations (i.e. jackknifing; fig. 6.7).
In the GDM analysis with environmental predictors, E. albens showed moderate isolation
by environment, particularly driven by precipitation and substrate related environmental
variables. Forward selection identified 11 candidate environmental covariates, each able to ex-
plain at least 1% additional deviance. Backward selection on these 11 variables identified sub-
strate hydrological conductivity, substrate phosphorus concentration, spring/autumn precip-
itation seasonality, precipitation of the wettest quarter, and total wind run as contributing
the highest predictive power (Supplementary tbl. 6.3). Overall, this model explained 31%
of total deviance (P < 0.001), 7% higher than a model containing only geographic distance.
Cross-validation showed this model to have reasonable predictive accuracy; the correlation
between predicted and true genetic distances was r 2 = 0.33, roughly equal to the percentage of
deviance explained (Supplementary fig. 6.10). For most variables, splines of best fit were ro-
bust to removal of 10% of sampling locations, although some variables had high uncertainty
(e.g. precipitation of the wettest month), and other variables showed bimodal distributions
of spline fits (e.g. autumn/spring precipitation seasonality; fig. 6.8).
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Figure 6.8: GDM spline fits for E. albens. To test the robustness of GDM predictive
splines, models were re-run with 10% of sampling locations removed in each dataset.
Each panel showed the range of spline fits among the 100 jackknife replicates (grey)
and the full data (blue).
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Figure 6.9: GDM spline fits for E. sideroxylon. To test the robustness of GDM
predictive splines, models were re-run with 10% of sampling locations removed in each
dataset. Each panel showed the range of spline fits among the 100 jackknife replicates
(grey) and the full data (blue).
Similarly, E. sideroxylon showed somewhat stronger isolation by environment than E.
albens, primarily driven by environmental variables describing the timing, availability, and
demand for moisture. Forward selection identified 12 candidate covariates, and backward se-
lection identified maximum cloud-adjusted solar radiation, maximum month-on-month dif-
ferences in temperature and precipitation, maximal vapour pressure deficit, and substrate
water holding capacity as the five variables with highest predictive power (Supplementary
tbl. 6.3). Again, the overall model was highly significant (P < 0.001), explained 90% of to-
tal deviance (12% higher than a model containing only geographic distance), and had very
high mean cross-validation predictive accuracy ( r 2 = 0.90; Supplementary fig. 6.10). Splines
of best fit were robust to removal of 10% of sampling locations for all predictors, with low
uncertainty in spline fits across jack-knifing replicates fig. 6.9.
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6.5 Discussion
6.5.1 Genetic diversity
Common, widespread eucalypts generally exhibit large, continuous populations with high
genetic diversity and low population divergence. We confirm this result with one of the first
whole-genome population resequencing studies in wild eucalypts (Kainer et al., 2018; Silva-
Junior and Grattapaglia, 2015). We estimated intra-species FST to be 0.017-0.018, lower than
estimates from previous studies in a variety of eucalypt species (E. melliodora: FST = 0.04,
Supple et al., 2018; E. globulus: FST = 0.08, Jones et al., 2002); although similar to estimates
in other eucalypt species (E. obliqua: FST = 0.015, Bloomfield et al., 2011). These previous
estimates are of similar magnitude to widespread tree species in other biomes, for example
Oaks, Poplar, and Pine (Quercus robur: FST = 0.07, Vakkari et al., 2006; Q. engelmannii:
FST = 0.04, Ortego et al., 2012; Populus tremuloides: FST = 0.03, Wyman et al., 2003; Pinus
taeda: FST = 0.04, Eckert et al., 2010; P. contorta: FST = 0.02, Yang et al., 1996). This
very weak genetic structure likely results from a combination of very large, stable effective
population sizes, widespread ranges, and high outcrossing rates (Williams and Woinarski,
1997).
While high compared to many tree species, genetic diversity both across all individuals
and within localities is slightly lower in E. sideroxylon than E. albens. Previous work indi-
cated especially high allozyme diversity in E. albens (Prober and Brown, 1994). Estimates of
effective population size within E. albens and E. sideroxylon follow a similar pattern ( J. Janes
et al., in prep.). Linkage disequilibrium reported here is less extensive than in some previ-
ous reports (Silva-Junior and Grattapaglia, 2015), and is more similar to older estimates of
LD decay from wild individuals of E. grandis (Grattapaglia and Kirst, 2008) and E. globulus
(Thavamanikumar et al., 2011).
A crucial caveat to these results is that we predominantly sampled from mature trees
which likely predate the extensive land clearing and habitat fragmentation that accompanied
European colonisation of Australia. The applicability of these results and conclusions to
future generations of these species is uncertain. Individuals from later generations show re-
duced but still high genetic and/or phenotypic diversity in recent studies of related Eucalyptus
species (Broadhurst, 2013; Jordan et al., 2016; Supple et al., 2018), although these studies ex-
amined planted individuals, either in provenance trials or revegetation efforts (Costa e Silva
et al., 2011). Further research on the differences in genetic diversity between remnant stands
and younger cohorts is warranted.
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6.5.2 Continuous genetic divergence
We observed continuous differentiation across the landscape within both species, driven both
by geography and environment. This matches findings in most previous studies of genomic
variation in eucalypts ( Jordan et al., 2017; Steane et al., 2015, 2014; Supple et al., 2018).
However, unlike previous studies, we found no support for strong discrete genetic structure.
As seen in simulated and empirical studies of continuously distributed species (Bradburd et
al., 2017; Frantz et al., 2009), we found statistical support for discrete population structure
only when IBDwas not incorporated into models of population structure. This conflation of
IBD and discrete structure cements the conclusion that accurate determination of population
structure in widespread species should use methods that can jointly estimate isolation by
distance and discrete population structure.
We found very strong isolation by distance, particularly in E. sideroxylon. This is much
stronger than in previous studies on related species at similar spatial scales. For example,
weak isolation by distance occurs among populations in E. melliodora, with little correlation
of genetic and geographic distance between pairs separated by less than 500 km (Supple et
al., 2018; but see Andrew et al., 2005), and relatively weak IBD has been found in E. micro-
carpa ( Jordan et al., 2017). Weak IBD may have technical and/or biological causes. Noisy
reduced-representation sequencing methods that have large error in estimating sample geno-
types (e.g. in E. melliodora; Supple et al., 2018), and therefore genetic distances, may have led
to underestimation of the correlation between genetic and geographic distances. The differ-
ence in resolution in the present study may be partly due to our use of PCAngsd to calculate
genetic distances, as it is designed to reduce the stochastic effects of low-coverage sequencing
on inter-individual distances. Shirk et al. (2017) find distances based on PCA axes most accu-
rately detect isolation by distance and environment, and PCAngsd is analogous to PCA-based
distances in this context.
Strong IBD is likely a result of patterns of migration imposed by the reproductive ecol-
ogy of eucalypts (Williams and Woinarski, 1997). Seed dispersal is limited in eucalypts, with
pollen exchange accounting for the vast majority of migration among localities (Booth, 2017;
Potts and Gore, 1995; Williams and Woinarski, 1997); recent analysis of chloroplast markers
in box-ironbark eucalypts supports this (Alwadani et al., 2019). Pollination is facilitated by
generalist insect, bird, and mammal pollinators in nearly all species (Potts and Gore, 1995;
Williams and Woinarski, 1997). Most exchanges of pollen occur within a limited local range;
however, migration events occur over much longer ranges with lower frequency (Williams
and Woinarski, 1997). As a result, genes are readily exchanged far beyond immediate neigh-
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bours. We found the strength of IBD to be strikingly different between E. sideroxylon and
E. albens. This finding suggests that, while pollen-mediated gene flow is strong enough to
limit discrete population structure in both species, gene flow at larger spatial scales is more
restricted in E. sideroxylon than in E. albens. This goes against the expectation that the larger,
more coloured flowers of E. sideroxylon attract more frequent bird pollination, leading to
higher pollen motility. These observations are also supported by lower local genetic diver-
sity within E. sideroxylon, particularly in northern localities.
6.5.3 Isolation by Environment
We observed isolation by environment in both species, primarily driven by variables de-
scribing the availability of water and nutrients to plants, with little influence of temperature.
Permutation-based variable testing showed only a small orthogonal contribution of environ-
ment to observed genetic distances, after accounting for geographic distance. Strong spatial
autocorrelation of environment variables prevents fully disentangling geographic and envi-
ronmental contributions to gene flow across the landscape. Exclusion of relevant environ-
mental variables could cause underestimation of overall IBE, although the variable selection
procedure employed here tested the contribution of a broad range of environmental vari-
ables concerning soil, geology, precipitation, temperature, wind, solar radiation, and aridity.
In most cases, inference of the environmental drivers of genomic differentiation appear ro-
bust to subsampling of localities. GDM models of isolation by distance and environment
had high cross-validation accuracy, and all were significant under locality-wise permutation
testing. While specific environmental variables selected as most important were not shared,
the strength of IBE was similar in both species. Furthermore, the variables most predictive
of genetic distance in both species described the availability and demand for moisture or soil
fertility (nutrient or water availability). Despite local niche separation (Boland et al., 2006;
Brooker and Kleinig, 2006; Costermans, 1983; Harden, 2000), the ranges of E. albens and
E. sideroxylon overlap significantly (fig. 6.1), and therefore likely experience selection along
similar macro-scale clines (e.g. temperature, aridity).
Correlation of genetic and environmental variation is well established in Eucalyptus. Dif-
ferences in climate and soil nitrogen can predict genetic differentiation in E. melliodora (Sup-
ple et al., 2018). Allele frequencies at certain SNPs were significantly correlated with aridity,
temperature, and rainfall in E. tricarpa (Steane et al., 2014), E. loxophleba (Steane et al., 2017a),
and E. microcarpa ( Jordan et al., 2017). Our use of environmental variables designed to in-
terrogate the ecology of Australian plants (Williams et al., 2012) precludes direct comparison
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of IBE among studies at the level of specific variables. However, our results follow a similar
general pattern to these previous studies of gene-environment association in eucalypts.
6.5.4 Interspecific Divergence and Gene Flow
About half of all common variants discovered in this study are common in both species, and
we observed low genome-wide divergence between E. albens and E. sideroxylon (FST = 0.15).
Recent evidence suggests the genetic divergence is not strong at most genomic loci in many
species, both in eucalypts (Rutherford et al., 2018) andmore broadly (Andrew and Rieseberg,
2013; Wu, 2001). Additionally, low interspecific differentiation is expected theoretically given
extremely large effective population sizes, long generation times, and relatively recent radia-
tion (González-Orozco et al., 2016).
Interspecific gene flow between eucalypts has been observed many times, though prob-
ably occurs at a low rate in nature (Griffin et al., 1988). We made several observations sug-
gestive of ongoing gene flow between E. albens and E. sideroxylon (Supplementary fig. 6.13;
fig. 6.16). We identified several putative hybrid individuals in the field, via PCA, and con-
Struct indicated a low but consistent proportion of inter-series admixture. Hybridisation
between E. albens and E. sideroxylon has been demonstrated previously (Pryor, 1953), and
more broadly, a systematic review by Griffin et al. (1988) showed species within Eucalyptus
section Adnataria were found to hybridise at the highest rate of any section. The proportion
of hybrids we observe here is of the same approximate magnitude as that observed in several
other eucalypts in the subgenus Symphomyrtus (1-3%; Williams and Woinarski, 1997). Hy-
bridisation between E. albens and E. sideroxylon occurs in spite of ecological differentiation,
for example, in the form of limited local co-occurrence, different tolerance of poor soils and
aridity (Boland et al., 2006; Costermans, 1983; Harden, 2000), and relatively little overlap in
flowering period (E. albens: January-June, E. sideroxylonMay-November; Costermans, 1983;
Brooker and Kleinig, 2006).
6.5.5 Conservation implications
To avoid extirpation, organismsmust either adapt ormigrate as environments change (Aitken
et al., 2008). Our findings of high genetic diversity imply a large pool of variation accessible
to natural selection. However, the long generation time of these trees makes it unlikely that
natural selection on local standing variation alone can outpace anthropogenic changes in
climate and land use; therefore, migration of better-adapted alleles is required (Booth, 2017;
Booth et al., 2015). While we show pollen must have been exchanged over relatively large
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distances at a rate historically sufficient to prevent strong differentiation between localities,
natural rates of migration are unlikely to be prevent range contractions (Booth, 2017; Prober
et al., 2015). Human assistance may be required to shift the ranges of these and many other
woodland species (Butt et al., 2013; González-Orozco et al., 2016; Supple et al., 2018).
Management interventions can take numerous forms. There is a temptation to use models
of isolation by environment to guide selection of seed sources for assisted migration. How-
ever, we urge the utmost caution when doing so: these models of IBE are based on genome-
wide patterns among predominantly near-neutral genetic variation, and use predicted, inter-
polated environmental data. Suchmodels could detect the historical influence of environment
on genetic diversity, but there is no promise that these influences reflect what may happen
in the future. In particular, we strongly discourage the use of these results (or the results of
any similar study) to narrow the range of seed sources used to revegetate any given locality.
Studies of inbreeding in eucalypts find strong effects of selfing and local inbreeding (Hardner
and Potts, 1995), but little outbreeding depression was observed beyond hundreds of meters
among intraspecific crosses of (Hardner et al., 1998). Outbreeding depression is observed in
more distant crosses (e.g. by Lopez et al., 2000; Larcombe et al., 2016). Such results reinforce
the need for a restoration strategy that focuses on adaptive potential as much as pre-adapted
germplasm. Our advice matches that proposed in numerous recent syntheses of revegetation
strategy (Broadhurst et al., 2008; Kardos and Shafer, 2018; Prober et al., 2015; Weeks et al.,
2011), in particular “climate-adjusted provenancing” (Prober et al., 2015). As an additional
consideration, climate change is not the only anthropogenic risk to these species: the habitat
these species inhabit has been cleared extensively since European colonisation of Australia,
with only a few percent of the habitat remaining (NSW Scientific Committee, 2002). Perhaps
the most effective management action would be the prevention of further deforestation and
habitat fragmentation, both for these species and generally.
6.5.6 Future directions
All patterns reported here concern genome-wide average effects; significant variation between
loci in patterns described here likely exists. Investigating how variation in ancestry, popula-
tion structure, interspecific differentiation, and associations with environment differ across
the genome requires whole-genome datasets, and the dataset and analysis pipeline we present
here enables these analyses. In particular, our finding of low linkage disequilibrium implies
that many reduced-representation sequencing methods would provide data for just a fraction
of all independent loci, and therefore miss important segregating variation (Ahrens et al.,
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2018; Lowry et al., 2017).
Genotype-environment association (GEA) studies could detect individual alleles which
vary in frequency across some environmental cline, accounting for geography and genome-
wide patterns (as has been observedwith reduced representation sequencing in related species,
e.g. Steane et al., 2014, 2017a, 2017b). Loci that have undergone selective sweeps could also
be detected, shedding further light on recent evolution (Nielsen et al., 2005). Similarly, inves-
tigation of inter-species divergence at specific loci could highlight which loci are maintaining
species boundaries in the face of gene flow (Strasburg et al., 2012). Finally, genome-wide aver-
age ancestry may differ significantly from local ancestry at nearly all loci across the genome,
and could be examined in these species (e.g. using Local PCA; Li and Ralph, 2018).
6.5.7 Conclusions
In summary, we found high intraspecific genetic diversity, low genome-wide divergence be-
tween E. albens and E. sideroxylon, and evidence of ongoing gene flow between these species.
We found no evidence of strong, discrete population structure, and uncovered strong con-
tinuous isolation by distance in both species. We also found that isolation by geographic
distance accounts for most, but not all, of this continuous genetic structure, with environ-
mental variables describing the availability and demand for moisture, temperature, and sub-
strate contributing to the pattern of IBE. Taken together, these results describe E. albens and
E. sideroxylon as widespread species with high genetic diversity and strong isolation by dis-
tance. A small proportion of genetic variation is associated with climate; however, high levels
of genetic diversity exist regionally, and even within localities. This high genetic diversity im-
plies these species have high adaptive potential, especially if enhanced by assisted migration.
The crucial test of these species’ survival will not be the level of understanding we gain about
the intricacies of isolation by landscape, but rather the extent to which we utilise these and
other species in large-scale rehabilitation of degraded ecosystems.
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6.7 Supplementary information
Table 6.1: SNP genotyping statistics.
Segregating in Angsd SNPs
Neither species 78017065
Both species 29409038
E. albens 12407339
E. sideroxylon 12644030
Total 132477472
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Table 6.2: Environmental variables considered in forward selection of IBEmodels.
Abbrev.
Name
Williams
et al.
Class Name Description
maxti Energy Temperature - coolest
month max
Maximum temperature coolest month
(řC)
maxtx Energy Temperature - month
hottest maximum
Maximum temperature hottest month
(řC)
minti Energy Temperature - coldest
month min
Minimum temperature coldest month
(řC)
mintx Energy Temperature -
warmest month min
Minimum temperature warmest month
(řC)
radni Energy Radiation - min
month precipitation
modified
Minimum month rainfall-modified solar
radiation (MJ/m2/day)
radnx Energy Radiation - max
month precipitation
modified
Maximum month rainfall-modified solar
radiation (MJ/m2/day)
rh2max Energy Humidity - month
max relative
Maximum month relative humidity (%)
rh2min Energy Humidity - month
min relative
Minimum month relative humidity (%)
rtimax Energy Temperature - max
difference in min
Maximum difference in minimum
temperatures (řC/day)
rtimin Energy Temperature - min
difference in min
Minimum difference in minimum
temperatures (řC/day)
rtxmax Energy Temperature - max
difference in max
Maximum difference in maximum
temperatures (řC/day)
rtxmin Energy Temperature - min
difference in max
minimum difference in maximum
temperatures (řC/day)
tmaxabsx Energy Temperature - max
absolute mean max
Maximum month absolute mean
maximum temperature (řC)
tminabsi Energy Temperature - min
absolute mean min
Minimum month absolute mean
minimum temperature (řC)
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Abbrev.
Name
Williams
et al.
Class Name Description
trngi Energy Temperature - min
month diurnal range
Minimum month diurnal temperature
range (řC)
trngx Energy Temperature - max
month diurnal range
Maximum month diurnal temperature
range (řC)
vpd2max Energy Vapour pressure
deficit - month max
Maximum month vapour pressure deficit
(KPa)
vpd2min Energy Vapour pressure
deficit - month min
Minimum month vapour pressure deficit
(KPa)
wind_windriEnergy Wind run - month
min
Wind run - month min (km/day)
wind_windrxEnergy Wind run - month
max
Wind run - month max (km/day)
wind_windspmaxEnergy Wind speed - month
max 9am or 3pm
Wind speed - month max 9am or 3pm
(m/s)
wind_windspminEnergy Wind speed - month
min 9am or 3pm
Wind speed - month min 9am or 3pm
(m/s)
substrate_bdensitySoil Bulk density Solum average bulk density (Mg/m3)
substrate_calcreteSoil Calcrete Calcrete in or below soil profile
(presence)
substrate_claySoil Clay % Solum average median clay content (%)
substrate_coarseSoil Soils - coarse Soils dominated by coarse fragments
including ironstone (class)
substrate_ks_errSoil Hydrological
conductivity -
uncertainty
Solum average uncertainty of horizon
saturated hydraulic conductivity
estimates (index)
substrate_ksatSoil Hydrologic
conductivity - average
saturated
Solum average median horizon saturated
hydraulic conductivity (mm/h)
substrate_nmnlconcn0Soil Nitrogen
concentration
pre-European
Pre-European estimate of mean annual
concentration of mineral nitrogen in soil
water (NMnlConc0.Base)
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Abbrev.
Name
Williams
et al.
Class Name Description
substrate_ntotn0S il Nitrogen -
plant-available
pre-European
Pre-European estimate of mean annual
store of total plant-available soil nitrogen
(NTot0.Base)
substrate_nutrientsSoil Nutrient status Gross nutrient status (rating)
substrate_pmnlconcn0Soil Phosphorus
pre-European
Pre-European estimate of mean annual
concentration of dissolved phosphorus
in soil water (PMnlConc0.Base)
substrate_pmnln0Soil Phosphorus -
plant-available
pre-European
Pre-European estimate of mean annual
store of plant-available mineral
phosphorus (PMnl0.Base)
substrate_soldepthSoil Soil depth Solum depth (surface and subsoil layers)
(metres)
substrate_solpawhcSoil Water holding
capacity -
plant-available
Plant-available soil water holding
capacity (mm)
substrate_wr_unrSoil Unreliable water
retention parameters
Solum average unreliable water retention
parameters (index)
adefi Water Precipitation deficit -
month max
Maximum month precipitation deficit
(mm)
adefx Water Precipitation deficit -
month min
Minimum month precipitation deficit
(mm)
arid_max Water Aridity index -
month max
Maximum month aridity index
arid_min Water Aridity index -
month min
Minimum month aridity index
evapi Water Evaporation - month
min
Minimum month evaporation (mm)
evapx Water Evaporation - month
max
Maximum month evaporation (mm)
raini Water Precipitation - driest
month
Precipitation of the driest month (mm)
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Abbrev.
Name
Williams
et al.
Class Name Description
rainx Water Precipitation - wettest
month
Precipitation of the wettest month (mm)
rprecmax Water Precipitation - max
difference between
successive months
Greatest rainfall difference between
successive months (mm/day)
rprecmin Water Precipitation - min
difference between
successive months
Least rainfall difference between
successive months (mm/day)
slrain0 Water Precipitation - annual
(log) seasonality
index
annual (log) rainfall seasonality index
slrain1 Water Precipitation -
summer or winter
(log) season
summer or winter (log) rainfall season
slrain2 Water Precipitation - spring
or autumn (log)
season
Spring or autumn (log) rainfall season
srain0mp Water Precipitation - annual
seasonality ratio
annual rainfall seasonality ratio
srain1mp Water Precipitation - solstice
seasonality ratio
Solstice rainfall seasonality ratio
srain2mp Water Precipitation -
equinox seasonality
ratio
Equinox rainfall seasonality ratio
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Figure 6.10: Cross-validation accuracy of best-fit GDMmodels forE. albens andE.
sideroxylon. To test the predictive power of GDMmodels, GDM are fit on a training
dataset with 10% of sampling locations removed in each dataset. The genetic distances
of the remaining 10% of samples are predicted from their geographic and environmen-
tal data. Pearson’s correlation is used to assess the goodness-of-fit between predicted
and actual genetic distances.
111
Figure 6.11: Distribution of LD extent for E. albens and E. sideroxylon. Here we
show the distribution of LD extent, defined as the distance required for half-maximal
decay in R2, aggregated for all 1000000 bp genome windows
112
Figure 6.12: GDM model deviance explained during back-selection of variables.
“fullModel” describes the model with all variables included. Each subsequent point
removes one variable (per labels on plot). Please see supplementary tbl. 6.2 for variable
names
113
Figure 6.13: Cross-species PCA of genetic covariance estimated from PCANGSD.
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Figure 6.14: Empirical variogram of intra- and inter-species locality comparisons.
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Figure 6.15: Two-dimensional site frequency spectrum between E. albens and E.
sideroxylon.
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Table 6.3: GDMmodel variables, model deviance explained, and variable-specific
p-values.
E. albens
Variable % dev. expl. Variable p-value
Geographic 31.475641 0
Hydrologic conductivity - average saturated 31.157494 0.05
Precipitation - wettest month 30.314927 0.02
Precipitation - spring or autumn (log) season 28.387513 0.13
Phosphorus pre-European 25.490866 0.19
Wind run - month min 22.645057 0.36
E. sideroxylon
Variable % dev. expl. Variable p-value
Geographic 89.887027 0
Temperature - max difference in max 89.599473 0
Precipitation - max difference between successive
months
89.265338 0
Vapour pressure deficit - month min 87.875363 0
Radiation - max month precipitation modified 85.197611 0.04
Water holding capacity - plant-available 79.720207 0.12
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Figure 6.16: Individual-level conStruct analysis of all samples with two model
layers. Admixture proportions are presented as means ± sd across 20 random subsets
of 1 million SNPs. Note samples that appear as intermediates, suggesting they are
recent interspecific hybrids.
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Chapter 7
Thesis Discussion
7.1 Thesis progress
Through the work presented in this thesis, I have contributed both tools and knowledge to a
greater understanding of the genomic variation across landscapes and the globe. I have devel-
oped new computational methods that enable researchers across the world to analyse genetic
variation in datasets produced using modern genetic sequencing technology easily, accurately,
and efficiently. Through my contribution to a global survey of genetic diversity in Brachy-
podium, we discover surprisingly low genetic variability and high inbreeding in these model
species, and suggest further steps required to realise Brachypodium as a model for quantitative
genetics. Through my examination of the spatial patterns of genetic diversity in woodland
eucalypts, I describe the huge genetic diversity of those species, and find isolation by distance
and environment landscape. These studies highlight the power of genomics to harness natu-
ral genetic variation to uncover the genetic basis of traits, and guide restoration of degraded
ecosystems.
7.2 New computational methods
A large component of this thesis has been the development of new computational methods
required for the analysis of genetic sequences. These methods range from low-level utilities to
newmethods implemented in large software projects and published in upper-tier bioinformat-
ics journals. Of these tools, several are improved analysis methods for very high throughput
Genotyping-by-sequencing (GBS) experiments. Axe (Chapter 2) enables the demultiplex-
ing of many hundreds of samples from one sequencing run. Given the increased output of
sequencing runs, multiplexing large numbers of samples is required in order to realise the
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increased cost effectiveness of newer sequencers, and no demultiplexer was able to efficiently
demultiplex index sequences required by the GBS protocol. The efficient and reusable im-
plementations of low-level sequence quality control measures in libqcpp and trimit (Chapter
3) provide a “one-stop-shop” for both GBS and other data types, reducing the intellectual
burden required to use a litany of tools for several similar steps of an analysis (particularly
for those with less computational experience).
In developing kWIP (Chapter 4), I enable the estimation of genetic distance from raw se-
quencing data. This tool allows researchers to perform initial analyses like confirming sample
identity or family structure without a reference genome. KWIP direct estimation of distance
from sequence read data enables researchers to use downstream analyses that require only
a genetic distance matrix (e.g., Generalised Dissimilarity Modelling of isolation by distance
and environment) in situations where alignment to a reference genome is infeasible. How-
ever, genetic distance is only one of several metrics of interest in most studies. Using the same
underlying data structures and approach employed in kWIP, one can estimate inter-sample
covariance; in fact an approximation of sample covariance is an intermediate in kWIP. Many
recent methods in population, landscape, and quantitative genomics define various processes
as a function of sample covariance (e.g. population structure and IBD in conStruct Bradburd
et al., 2017, geogenetic space in SpaceMix 2016; genomic selection using gBLUP VanRaden,
2008). Such a method would be especially powerful if it incorporated a PCAngsd-like op-
timisation of the covariance matrix (Meisner and Albrechtsen, 2018) to minimise the effect
of sequencing noise with lower coverage datasets. Incorporating the estimation of sample
covariance in a kWIP-like method would also assist some quantitative genomic methods, for
example to extend gBLUP-based genomic selection (VanRaden, 2008). These genetic distance
type association experiments can be extended to include microbiome information without
the difficulty of metagenome assembly and are promising for prediction of traits in field sam-
ples.
The three methods I discuss in detail in this thesis are far from the only methods I have de-
veloped for analyses performed in this thesis. Currently unpublished tools include short-read
sequencing utilities (e.g. seqhax; https://github.com/kdmurray91/seqhax), tools for retriev-
ing data from theNCBI SequenceReadArchive (srapy; https://github.com/kdmurray91/srapy),
and C++ and python libraries for exact and probabilistic kmer counting (pymer and
kmerkmer; https://github.com/kmerkmer/). While in many cases these are far from the
only tools to implement such functionality, they all advance previous implementations in
some way (e.g. efficiency, ease of use, application specificity). These open source software
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tools continue to be developed, and have been used in numerous projects, both within and
beyond my immediate research environment. Additionally, I’ve contributed large quantities
of code to external projects, which in some cases resulted in co-authorship on software
publications (see Appendix A).
The aim of scientists developing new methods and software has predominantly been the
creation of tools that provide accurate results, as this is overwhelmingly the concern of users
(and rightly so). However, given the limited funding and scarcity of academic status given to
those developing new software, these newmethods often have less than ideal software quality
and user friendliness, especially for methods developed outside one of only a few very well
resourced bioinformatic method development teams (e.g. Broad Institute, Wellcome Trust,
Sanger Centre). While such tools are obviously preferable to well-designed, user friendly, but
methodologically inferior software, we need to acknowledge that the state of academic re-
search software often imposes a significant intellectual burden on users. As an example, one
software crucial to analyses performed in Chapter 6 had a bug which caused incorrect results
to be produced from our dataset. To find and fix this bug, I required the ability to debug
running C++ programs, and then deep knowledge of both C++ and the metric of interest.
Without my background in software engineering this fix would not have been possible, and
I would either have detected this error and terminated those analyses, or worse carried these
incorrect outputs on to further analyses. I see it as the responsibility of tool developers to en-
sure their users need not be experts in software engineering to run their software successfully,
a low bar that many bioinformatic methods fail to meet. Only through increased respect and
funding for method development can we improve this situation.
In both Chapters 4 and 5, I demonstrate that the analysis of genomic data from leading-
edge molecular methods can require the development of new software, often initially specific
to some larger genomic project. This implies that direct collaboration between field biologists
and computational biologists is just as important as the collaborations that typically exist
between field biologists and the molecular biologists whose expertise generates these datasets.
Going further, the training of field biologists in bioinformatics is no less important than
their training in molecular biology. We must prevent the biologists of the future being either
insufficiently confident or skilled computationally to analyse the large datasets that they will
be able to generate with minimal expense. Good experimental design depends on knowledge
across field, molecular, and computational biology, and when these skills are jointly brought
to bear, exciting and now published results, methods, and findings have appeared.
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7.3 Brachypodium as a model cereal
We performed a global survey of genetic diversity in the Brachypodium distachyon species
complex, amassing a collection of over 3000 accessions (Chapter 5). Initial sequencing of this
collection identified samples as different species, detected significant population structure
within each species, and identified high levels of clonal family structure. We reduced the
more than 800 accessions of B. distachyon to a core set of 74 accessions, and proceeded with
a genome-wide association study (GWAS) for early vigour and energy use efficiency traits
under both current and predicted future climate regimes. This association study found several
significant QTL and high heritability. However, this GWAS had limited power due to the
unexpectedly low genetic diversity of our global collection and resulting small core set of
diverse accessions.
Previous authors reporting on smaller collections of Brachypodium from the native
Iberian or middle eastern ranges reported relatively high genetic diversity. We expected
our global collection to have similar genetic diversity to comparable model systems,
e.g. Arabidopsis (Alonso-Blanco et al., 2016) and Oryza sativa (Li et al., 2014). Studies
similar to ours in Arabidopsis have established GWAS sets that enabled the genetic basis of a
wide variety of traits to be examined (e.g. Li et al., 2010, 2006; Alonso-Blanco et al., 2016;
Atwell et al., 2010). While previous studies of B. distachyon did find population and family
structure (e.g. Vogel et al., 2009), it was not to the extent observed here, perhaps as these
studies focussed on the ancestral refugia that remain the hotspots of genetic diversity. The
amount of genetic diversity identified here could be sufficient for GWAS, however, genetic
lineages were not recombining and have nearly identical genomes. The only exceptions were
within the ancestral hotspots of diversity in Turkey and Iberia (Brachi et al., 2011; Vogel et
al., 2009). Therefore, further work crossing populations is required to perform powerful
association studies in Brachypodium, specifically, the creation of mapping populations that
disentangle genetic variation from background population structure across B. distachyon as
a whole (for example creation of multiparental advanced-generation intercross, MAGIC,
populations). Biparental mapping populations have been created previously (e.g. Vogel et
al., 2009; Garvin et al., 2009; Huo et al., 2011).
Even without the creation of these mapping populations, Brachypodium remains an ap-
pealing model cereal for many areas of plant science (recently reviewed in Scholthof et al.,
2018). The variation in ploidy and karotype within the Brachypodium species complex could
be used to study the genomic effects of polyploidisation (Catalán et al., 2012). We identified
individual clonal families present in over 40 localities including in both Australia and Turkey,
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with significant variation in environment. Our findings have enabled an ongoing study of the
possible epigenomic basis of this plasticity [Eichten et al. (2016); and ongoing studies]. Its
small size and rapid life cycle make phenotyping Brachypodium in high throughput far easier
than most crop species (e.g. wheat; Brkljacic et al., 2011). For this reason, Brachypodium is an
attractive model for phenotyping-intensive studies such as forward-genetic mutation screens.
We havemade seed from our collection of over 2000 accessions available, andwe have publicly
deposited all associated data, enabling its use by the Brachypodium research community.
Model systems have been used to study an endless variety of questions across a large spec-
trum of biology. Traditionally, a major impediment to genomics in non-model species was
the expense of establishing the genomic resources required for these studies. While still an
expensive undertaking, this thesis demonstrates that technological advancement has made
the resequencing of a moderately large set of diverse lines possible on a relatively modest
budget, and the cost of long-read data for reference genome assembly has reduced markedly
(e.g. Michael et al., 2018; Jain et al., 2018; Wu et al., 2019). This raises the question: are model
systems even required? Having now worked across both model and non-model species, the
appeal of model species remains. This economic feasibility now means that computational
analysis is a bottleneck, and the resources available in model systems simplifies these analyses.
The generation of whole-genome resequencing remains too expensive to be used for every
genomic study in non-model species, and there is still a place for reduced-representation se-
quencing data. However, we are experiencing a dramatic improvement in the availability and
quality of genomic resources for non-model and emerging model species, as can be seen from
my work in Eucalyptus (Chapter 6).
7.4 Landscape drivers of eucalypt genetic diversity
In Chapter 6 I present a study of the patterns of genetic isolation across the range of two
woodland eucalypt species. I found very high genetic diversity within each species, and rela-
tively low differentiation between these species, with evidence of pervasive gene flow between
them. We found no strong support for discrete population structure decoupled from Isolation
By Distance (IBD). Whole-genome differentiation between localities was very low, though
genomic distance correlates strongly to geographic distance in both species, particularly E.
sideroxylon. There is an additional, though weaker, signal of IBE in each species, particularly
driven by environmental variables describing the availability and timing of moisture, solar
radiation, and soil nutrition.
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Gene flow, divergence, and species boundaries
Our findings highlight that a), eucalypt species exchange genetic material readily, and b)
eucalypt species show low genome-wide divergence despite morphological differentiation.
Evidence of the extent of reproductive isolation in Eucalyptus shows that inter-section, inter-
series, and inter-specific gene flow occurs at nontrivial rates that are correlated with phyloge-
netic distance (Ellis et al., 1991; Larcombe et al., 2015). Speciation does not imply immediate
whole-genome differentiation; it is possible that speciation is led by relatively few loci, and
that speciation can occur in spite of ongoing gene flow (Nosil, 2008; Payseur and Rieseberg,
2016; Wu, 2001; e.g. in sunflower Andrew and Rieseberg, 2013; Ostevik et al., 2016). As
outlined below, various experiments could probe the genetic underpinnings of reproductive
isolation and speciation in these species.
Flowering time is an important pre-mating barrier to gene flow in Eucalyptus (Field et al.,
2011). Reports of the flowering period of E. albens and E. sideroxylon differ, although there is
a partial overlap in flowering time in most reports (Brooker and Kleinig, 2006; Costermans,
1983; Porter, 1978). Long-term flowering synchrony varied from very low to high across
species pairs in a 30-year study of closely related box-ironbark species (Keatley et al., 2004),
and synchrony varied year-to-year. The temporal barrier to gene flow between E. albens and
E. sideroxylon is therefore unclear, but likely to be weak at most, though variable between
years and across their common range. Validation of this hypothesis would have tradition-
ally required prohibitively large-scale monitoring of flowering time across the range of both
species, conducted over multiple years (e.g. Keatley et al., 2004). However, remote sensing
imagery has proved an effective way of monitoring phenology at a massive scale (Zhang et
al., 2003), and it is possible that it could be used to detect the extent of flowering in stands of
these species across their ranges in the future (Nagendra et al., 2013; Viña et al., 2004).
A genome scan for loci strongly differentiated between E. albens and E. sideroxylon could
identify loci driving the speciation process. Scanning the genome for loci that show much
stronger differentiation between these species than the genome average could highlight loci
of putative importance during speciation, although loci functionally irrelevant to speciation
are also likely to be falsely identified (Strasburg et al., 2012). Natural hybrid zones present
an ideal opportunity to discover the genetic basis of traits differentiated between species, as
traits segregate independently in later generation hybrids (Gompert et al., 2017). Later gen-
eration hybrid seed from one or more E. albens X sideroxylon individuals could be treated as
a multiparental mapping population, and used to dissect the genetic basis of traits fixed be-
tween species (see Pryor, 1953). Of particular interest are soil preference traits, with E. albens
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known to prefer more fertile soils than E. sideroxylon (Brooker and Kleinig, 2006; Coster-
mans, 1983). The genetic basis of seedling germination and establishment on different soils
could be investigated in a hybrid zone. Such an experiment would address a potential cause of
the observation that many closely-related Eucalyptus species have overlapping ranges yet are
not commonly found at the same locality. Additionally, hybrid zones of these species could
be used to investigate the genetic nature of the incomplete reproductive isolation between
these species (Strasburg et al., 2012; e.g. in tomato Moyle and Nakazato, 2010; Eucalyptus
Myburg et al., 2004).
Genome-wide differentiation between E. albens and E. sideroxylon is similar to levels of
inter-population differentiation in some model species (e.g. Arabidopsis; Alonso-Blanco et
al., 2016). Therefore, the use of methods that expect a shared pool of genetic variation
and low inter-population differentiation (e.g. GWAS for traits segregating in both species)
across closely related species in Eucalyptus should be feasible, although the use of sophis-
ticated mixed-model based corrections for kinship would be particularly important in any
such experiment given the expected strong structuring.
Landscape drivers of genetic isolation
One surprising element of our results is the striking difference in the strength of IBD between
E. albens and E. sideroxylon. Spatially autocorrelated intraspecific variation in flowering time
would contribute to IBD, and differences in the strength of this spatial autocorrelation could
be the basis of the differing strength of IBD in E. albens and E. sideroxylon. The stronger IBD
observed in E. sideroxylon could also result of a supposed more historically discontinuous
range (Costermans, 1983) and our data lend support to this theory.
We find support for modest isolation by environment (IBE) in both E. albens and E.
sideroxylon, driven by availability and timing of moisture, solar radiation and soil nutrition.
Broad-scale environmental factors such as regional climate may only explain a portion of the
environmental isolation of such species. Environmental variation at finer spatial resolution
likely also contributes to genetic isolation, for example, fine-scale terrain features that govern
the availability of water (especially given the importance of broad-scale moisture availabil-
ity we identified). Our sampling is aggregated to the locality-level, and these environmental
variables are highly variable within localities; therefore, we cannot include these variables in
our models of IBE despite their potential explanatory power. To test multi-scale hypotheses,
one must adopt a more targeted sampling pattern, sampling over environmental gradients
in a way that avoids confounding of environmental clines and broader isolating processes
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like isolation by distance (Bragg et al., 2015; Wang and Bradburd, 2014). However, the ge-
nomic signals of fine-scale local adaptation may be inconsistent between localities, involving
different causal variants (Ralph and Coop, 2010). Additionally, if selection is weak or vari-
able through time, advantageous alleles are unlikely to sweep to fixation, instead allowing a
diverse local gene pool to persist. High rates of pollen-mediated gene flowmay counteract lo-
cal adaptation, leading selection to filter out unsuitable genotypes in each generation. Where
possible, experiments that investigate the genetic basis of this fine-scale adaptation are per-
haps best performed in controlled experimental settings using early-life proxies of eventual
fitness-related traits and controlled conditions that mimic environmental clines of interest.
Confounding among spatially and temporally autocorrelated environmental variables re-
duces statistical power, and risks increasing the false positive rate of any study that aims to
correlate environment with genetics, either genome-wide or at specific loci. The genome-
wide isolation by distance and environment observed in both E. albens and E. sideroxylon
suggests attention must be paid to the issue of environmental autocorrelation in any genome-
environment association studies on these species, even if inter-locality differentiation was
low. Such confounding will always exist and, therefore, functional studies of phenotypic dif-
ferentiation and local adaptation are required to confirm any association found in correlative
experiments. However, such functional studies (e.g. replicated provenance trials) would be
time-consuming and expensive at best in slowly maturing tree species, although functional
studies on seedlings could provide a feasible solution for traits expressed early in development
(e.g. Supple et al., 2018).
Conservation implications
Landscape genomic experiments are increasingly used to guide conservation decisions, for
example, guiding the selection of seed provenances that are predicted to be suited to future
environments at a restoration locality (Broadhurst et al., 2008; Prober et al., 2015; Williams
et al., 2014; e.g. in E. melliodora Supple et al., 2018). However, there are numerous pitfalls re-
garding the use of such results for these purposes (Kardos and Shafer, 2018). Firstly, genome-
wide isolation by environment is not proof of local adaptation (Wang and Bradburd, 2014).
Secondly, restoration using only “pre-adapted” seed risks limiting additional genetic diversity
and therefore adaptive potential of restored populations (Broadhurst et al., 2008; Hoffmann
et al., 2015), or introducing seed malapted in environmental axes not captured by landscape
genomic models (e.g. migration across soil types could be suggested by models considering
only climate). That restoration strategy also assumes that, a), models of IBE are accurate,
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and b), the climate experienced by restored populations will be similar to the historic climate
that influenced genetic isolation observed in these studies, and that models of future climate
accurately predict weather that will be experienced by target populations in the future. The
traditional practice of local provenancing brings its own genetic risks, particularly in highly
fragmented species that exhibit strong inbreeding depression. Therefore, current best practice
recommends a balance of local and climate-adjusted seed sources (Prober et al., 2015).
The current expense of population-wide genome resequencing studies for quantifying
IBE, as in Chapter 6, makes their application to all species in need of conservation man-
agement unfeasible (Kardos and Shafer, 2018); emerging crop and foundation species must
be prioritised. However, the genomic lessons learned in one species are likely to be suf-
ficiently applicable to closely related species that restoration can be conducted with scarce
genomic data, although more comparative studies are needed to understand how well models
of IBD and IBE generalise across closely related species. Instead of starting with estimation
of population structure, IBD, and/or IBE or a genotype-environment association study, one
could directly assess the genetic filtering that occurs during establishment. To do so, we could
revegetate numerous localities using a common, widely-collected, and diverse seed collection,
using direct seeding or mass planting to minimise cost as per best practices (Broadhurst et al.,
2008; Prober et al., 2015). Then, we could assess the genetic variants present among planted
individuals that survive and thrive in each locality as time progresses. Genomics could be
used as a diagnostic tool for distinguishing source localities or combinations of variants that
appear maladapted. As well as their direct conservation benefits as high-quality restoration
plantings, such experiments have the longer-term advantage of directly addressing important
questions: which genetic backgrounds show highest fitness in which localities, and which
underlying subsets of loci are associated with this increased survival in a given environment.
7.5 Evolutionary genomics in the Anthropocene
The Anthropocene, our current geological epoch that began around 1950, is characterised
by human dominance over climate and the global environment (Steffen et al., 2011). Earth’s
ecosystems face an accelerating barrage of threats from humanity. Within Australia, land-
scape changes began 40,000-60,000 years before present with the first human settlement of
the Australian continent. These impacts have included mass extinctions of animals (partic-
ularly large vertebrates), and drastic changes to fire regimes and vegetation types (Flannery,
1990; Miller et al., 1999; Roberts et al., 2001). Since European colonisation, human impacts
127
have been even more extreme, with widespread conversion of native habitats to urban and
agricultural use (Bradshaw, 2012). Looking forward, ecosystems in Australia and elsewhere
will continue to face numerous threats from human activity, including climate change, defor-
estation,land use conversion, and invasive species. We have begun to feel the unmistakable
effects of anthropogenic changes to the global climate (Parmesan, 2006), andmost predictions
of future climates paint a grim picture for Australia’s ecosystems and agricultural lands with
general increases to temperature, increased weather variability, greater intensity and severity
of extreme climate events (e.g., drought), loss of alpine habitats (Hughes, 2003), and negative
effects on agriculture (Howden et al., 2007). While anthropogenic climate change poses a ma-
jor threat to ecosystems, continued land clearing in many cases is a more immediate threat,
and may obliterate some habitats before climate change has the chance.
Genomics has a role to play in solving these interconnected challenges but requires a uni-
fied view of Earth’s natural and anthropogenically-modified ecosystems. In particular, we
must advance technological, agronomic, and social solutions that increase crop yields while
restoring degraded lands and ecosystems in the long term. Increased crop yields are attainable,
and will be required to provide a healthy diet for a developing human population (Willett et
al., 2019), as further expansion of agricultural land comeswith high environmental costs (Gar-
nett et al., 2013; Ray et al., 2013; Tilman et al., 2011). Current management of agricultural
land is often woefully suboptimal in environmental and economic terms (Beyer et al., 2018;
Foley et al., 2011). Yet, this leaves substantial room for improvement. Addressing agronomic
shortcomings via technological advancements within existing agricultural systems can reduce
further harms from continuing agricultural expansion. Reducing expansion is insufficient:
wemust also restore currently degraded ecosystems to enhance their ecological functions such
that they are more resilient to extreme weather and economic shocks. So-called “regenera-
tive” agricultural practices (e.g. agroforestry, perennial cropping) promise an economically
and socially scalable solution that can provide both food and habitat. Consistently poor
agricultural land could be re-forested to provide ecosystem services, while genome-assisted
selection of crops could increase inter-cropping yield on remaining arable land (Rivers et
al., 2015). These strategies show promise, although further development is needed for them
to become economically scaleable (reviewed in Toensmeier, 2016). The threats of climate
change, loss of biodiversity and ecosystem function, and global food shortages are hard to
understate. Most solutions require at least as much social and behavioural change as tech-
nological change and scientific discovery. Advancing research into the synergistic benefits of
agroforestry and genome-assisted crop selection is a necessary step towards real solutions.
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Evolutionary and ecological genomics are well-poised to assist these challenging feats.
Focusing on foundation species that provide critical ecosystem functions and key underde-
veloped food crops is likely to be the most effective strategy. A focus on foundation species
would provide umbrella benefits to a much larger community of associated species, thereby
maximising limited time and funding resources. Efficiently measuring extant (phylo-)genetic
diversity across a wide range of species would serve as a benchmark by which we can assess
the effectiveness of any action. Accurate determination of past evolution to extreme climates
is likely important, in crops, crop wild relatives, and foundation species. An evolutionary
or ecological perspective on crop breeding has proved highly effective, for example success-
ful introgression of pathogen resistance from crop wild relatives (Denison, 2017; Hajjar and
Hodgkin, 2007; Piquerez et al., 2014). Genomic methods will accelerate domestication of
new crop species and can select for traits that have large positive environmental impact to
provide both ecosystem services and human food.
In summary, evolutionary genomics can assist a wide range of urgent and pending ques-
tions relating to our global land use. It can unleash resilient new feed, fiber, and fodder crops,
and inform management of ecosystems to address health and environmental security for the
21st century.
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Other published works
Aside from the works presented in chapters 2-6, I have worked on numerous projects that
have lead to peer-reviewed publications during my PhD candidature. Below, I list and briefly
describe these works.
• MR Crusoe et al. (2015): The khmer software package: enabling efficient nucleotide
sequence analysis. F1000Research 4
– I contributed a large quantity of code to khmer, a software package that I used as
a dependency of kWIP (Chapter 4).
• LC Teasdale et al. (2016): Identification and qualification of 500 nuclear, singlecopy,
orthologous genes for the Eupulmonata (Gastropoda) using transcriptome sequencing
and exon capture. Molecular ecology resources 16 (5), 1107-1123
– I performed several phylogenetic analyses presented in this paper
• PA Crisp et al. (2017): Rapid recovery gene downregulation during excess-light stress
and recovery in Arabidopsis The Plant Cell, 00828.2016 12
– I developed two novel software tools for RNA degradome analysis, as we as per-
formed most of statistical modelling of RNA decay in this paper.
• D Standage et al. (2017): khmer release v2. 1: software for biological sequence analysis.
The Journal of Open Source Software 2 (15), 272
– A continuation of my contribution of code to the khmer software package.
• PACrisp et al. (2018): RNA Polymerase II read-through promotes expression of neigh-
boring genes in SAL1-PAP-XRN retrograde signaling. Plant physiology 178 (4), 1614-
1630
136
– I contributed to the design and execution of the statistical analysis of downstream
gene expression presented in this paper.
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